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1. Introduction
1.1 Background
Collective dynamics of many-body systems has attracted much attention
to traffic and related systems, such as granular particles [103, 118], ve-
hicles [15, 35, 80], pedestrians [37, 41], and animals [19, 52, 105]. This
subject has been studied by developing a set of individual behavioral rules
in order to quantify emergent collective patterns from interactions among
individuals. The beginning of such a bottom-up approach can be traced
to the work of Maxwell and Boltzmann [4, 13, 92]. Maxwell suggested
the concept of the ideal gas in which every gas particle is subject to the
same equation of motion. He developed a macroscopic description of gases
based on microscopic descriptions of particle behavior. Later, Boltzmann
proposed the law of increasing entropy by extending Maxwell’s approach
of gas dynamics. He stated that the entropy of a system, a macrostate
often interpreted as a degree of disorder in a system of particles, grows as
the number of possible microstates increases. Here, a microstate repre-
sents a configuration of an individual atom or molecule such as position
and velocity. A macrostate is defined as an observable quantity of the
system, for instance, the temperature or the number of gas particles in
a container. The work of Maxwell and Boltzmann demonstrated how one
can explain an observed macroscopic pattern in terms of individual parti-
cle behaviors. Still today, the line of thoughts presented by them is highly
relevant to understand collective patterns of motions.
Based on the bottom-up approach, various interesting collective behav-
iors have been identified in traffic flow studies. For example, Nagel and
Schreckenberg explained traffic jam patterns based on their particle hop-
ping model [81, 82]. In the model, a highway section is represented as a
17
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one-dimensional array of multiple cells and each cell either can be occu-
pied by one vehicle or can be empty. The velocity of a vehicle is expressed
in the number of cells hopping forward at the next time step. All the
vehicles update their position based on four update rules: acceleration,
slowing down, randomization, and car motion rules. According to the ac-
celeration rule, a vehicle can proceed one more cell at the next time step
if the distance to the vehicle ahead is large enough. The slowing down
rule states that the vehicle reduces the number of cells hopping forward
at the next time step based on the distance to the vehicle ahead. The
randomization rule represents fluctuations in the vehicle motions by re-
ducing the number of cells hopping forward at the next time step by one
with a certain probability. After these three rules are applied to all vehi-
cles, according to the car motion rule, the vehicles move ahead with the
updated velocity. Nagel and Schreckenberg explained complex traffic flow
patterns with a set of rules describing individual vehicle motions.
Examples of the bottom-up approach can be also found in pedestrian
flow studies. For instance, Helbing and his colleagues studied the for-
mation of pedestrian trail systems based on an active walker model [41,
43]. Their active walker model includes three sets of equations for pedes-
trian motion, ground condition, and pedestrian orientation. The equa-
tion of motion describes position and velocity of individual pedestrians.
The equation of ground condition reflects creation and destruction of foot-
prints. The equation of pedestrian orientation evaluates pedestrians’ de-
sired walking direction based on the ground condition. Their model ex-
plained how different topological structures of human trail systems form.
It was demonstrated that formations of such trail systems can be de-
scribed as self-organization phenomena. The self-organization phenom-
ena have been one of the current central topics in pedestrian studies.
A considerable amount of literature has reported various interesting col-
lective patterns of pedestrian motions such as lane formation [12, 42, 111],
faster-is-slower effect [37], and turbulent movement [40, 70, 76]. These
collective patterns arise from repulsive interactions among pedestrians
which can be observed when they are moving from one place to another.
Not only moving between places, pedestrians are also interacting with
surrounding environment especially attractions such as shop displays and
public events. It has been well recognized that existence of such attrac-
tions can influence pedestrian flow patterns. For instance, Goffman [30]
described that window shoppers act like obstructions to passersby on the
18
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streets when they stop to check store displays. Those shoppers can fur-
ther interfere with other pedestrians when the shoppers enter and leave
the stores. In another study, Helbing and Molnár [42] stated that at-
tracted pedestrians form groups near attractions because of attractive in-
teractions. Furthermore, one can infer that existence of the attractions in
stores might be relevant to extreme pedestrian behaviors observed during
shopping holidays such as Black Friday in the United States 1. Despite
its relevance to pedestrian behavior, up to now, far too little attention has
been paid to the collective dynamics of the attractive interactions between
pedestrians and attractions. The effects of such attractive interactions
will be the topic of this dissertation.
1.2 Research Questions
This dissertation aims at investigating collective patterns of pedestrians
interacting with attractions by developing numerical simulation models.
Three research questions are developed in order to address the effect of at-
tractive interactions mentioned in Section 1.1, such as pedestrian groups
near attractions and their impact on pedestrian flow.
The first research question is formulated as, (RQ1) how do collec-
tive patterns of pedestrian motions emerge from the attractive
interactions between pedestrians and attractions? This research
question is inspired by the impulse stops [11, 102]. The impulse stop is
a behavior of visiting an attraction without planning to do so in advance.
An attraction is a place or an object that might be interesting for pedes-
trians, such as shop displays and public events. Understanding such im-
pulse stops can support effective design and management of pedestrian
facilities, for instance, placing merchandise in stores in order to encour-
age consumers to stop to buy [49]. However, little attention has been paid
to the attractive interactions between pedestrians and attractions.
It is widely believed that individual choice behavior of joining an attrac-
tion can be influenced not only by the attractiveness of the attractions
1Over 20 video clips are available on YouTube.com showing people fighting
over merchandise and many news articles have reported about Black Friday
incidents. Examples include http://www.youtube.com/watch?v=K3RDTxVCKC4,
http://www.independent.co.uk/news/world/americas/death-counter-records-
number-of-people-killed-or-injured-on-black-friday-a6731766.html, and
http://www.forbes.com/sites/adriankingsleyhughes/2012/11/24/black-friday-
2012-shoppers-fight-over-cheap-deals
19
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but also by social influence from other individuals. For instance, previ-
ous studies on stimulus crowd effects reported that a pedestrian is more
likely to shift one’s attention towards the crowd as its size grows [27, 72].
This belief is also generally accepted in the marketing area, which can be
interpreted that having more visitors in a store can attract more pedes-
trians to the store [6, 14]. Based on that belief, marketing strategies have
focused on increasing the duration of visiting a store and the strength of
social interactions [53]. Although the understanding of such a social in-
fluence on joining behavior has been widely accepted and practiced, the
idea has not been incorporated into microscopic pedestrian behavior mod-
els. Therefore, the second research question is formulated as (RQ2) how
can social influence on one’s choice behavior shape the collective
patterns of pedestrians’ visiting behavior?
RQ1 and RQ2 focus on modeling the attractive interactions between
pedestrians and attractions. Based on RQ1 and RQ2, Studies I and II
have reported various collective patterns emerging from the attractive in-
teractions. Nevertheless, little is known about their influence on passerby
traffic. Pedestrians facilities are usually designed not only for accommo-
dating pedestrians who are interested in shopping and attending social oc-
casions, but also for passersby who regularly commute and walk through
the facilities. It is apparent that if a large attendee cluster exists near
an attraction, passersby are forced to walk through the reduced available
space. Consequently, the attendee cluster is acting as a pedestrian bottle-
neck for passersby. The flow through the bottleneck can show transitions
from the free flow state to the jamming state and may end in gridlock.
Up to now, most of the pedestrian bottleneck studies have been performed
for static bottlenecks, meaning that the bottlenecks are at fixed locations
and their size does not change over time [44, 97]. One might think that
assuming an attendee cluster as a static bottleneck is enough to under-
stand the jamming transitions induced by an attraction. However, the
assumption of the static bottleneck cannot reflect the interactions among
the attraction, attracted pedestrians, and passersby contributing to the
onset of jamming transitions. Accordingly, the third research question is
formulated as (RQ3) how can pedestrian flow interacting with an
attraction result in pedestrian jams? An attendee cluster is concep-
tualized as a dynamic bottleneck in the sense that its size changes over
time according to the joining behavior of attracted pedestrians.
20
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1.3 Research Approach
In order to address research questions discussed in Section 1.2, I have
extended microscopic pedestrian models for the attractive interactions
between pedestrians and attractions. In Study I, the attractive force is
appended to the social force model in order to incorporate the attractive
interactions between pedestrians and attractions. In Study II, I introduce
a joining probability model which can reflect social influence from other
pedestrians. In Study III, the presented models are further extended for
simulating jamming patterns of pedestrians interacting with an attrac-
tion.
The presented models are then examined by means of numerical sim-
ulations. Simulation parameters are systematically controlled in order
to observe various collective patterns arising from interactions between
pedestrians and attractions. I devise macroscopic measures in order to
quantify various collective patterns and then summarize the results in
phase diagrams. In Study I, the macroscopic measures are introduced to
quantify various attendee cluster formations. In Study II, pedestrian vis-
iting patterns are distinguished. In Study III, different jam patterns near
an attraction are identified. By doing so, this dissertation investigates
the dynamics of pedestrian flow interacting with attractions from the per-
spective of the activity needs for attracted pedestrians and the mobility
needs for passersby.
1.4 Dissertation Outline
This dissertation is organized as follows. Chapter 2 provides a review of
existing literature that is closely linked with the topic of this dissertation.
Chapter 3 describes presented numerical simulation models and their se-
tups. The results of numerical simulations are presented in Chapter 4.
Finally, Chapter 5 summarizes the main findings, discusses limitations,
and suggests future research directions.
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2. Related Work
This chapter provides a review of existing literature that is closely linked
with the topic of this dissertation. In Section 2.1, I provide an overview
of the existing pedestrian models on microscopic and macroscopic scales.
First, I describe macroscopic pedestrian flow models which have been de-
veloped based on fluid dynamic equations (Section 2.1.1). In macroscopic
models, pedestrian streams are considered similar to fluid streams, so the
large-scale pedestrian motion is the major interest. Then, I present micro-
scopic pedestrian flow models including cellular automata (Section 2.1.2),
velocity-based models (Section 2.1.3), and force-based models (Section 2.1.4).
In microscopic models, each pedestrian is treated like an individual parti-
cle, thus the modeling effort is focusing on developing mathematic expres-
sions of individual motions. Section 2.1.5 summarizes the presented mod-
eling approaches and identifies research directions. Section 2.2 discusses
the concept of phases in pedestrian flow, which is important to quantify
numerical simulation results presented in this dissertation.
2.1 Modeling Approaches
2.1.1 Macroscopic Models
Continuity equation in fluid mechanics states that the mass within a fi-
nite control volume remains constant because of the rates of mass inflow
and outflow balance out through the control volume [1, 5, 78]. The differ-
ential form of the continuity equation is
∂ρ
∂t
+∇ρ~v = 0, (2.1)
where ρ is density and ~v is velocity vector of a fluid stream.
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Hughes models
Hughes [48] developed a macroscopic pedestrian flow model analogous
to Lighthill–Whitham–Richard (LWR) macroscopic modeling approach in
vehicular traffic flow studies [68, 91]. First, he formulated that walking
direction of a pedestrian stream is perpendicular to the potential Φ:
Φˆx = − ∂Φ/∂x√
(∂Φ/∂x)2 + (∂Φ/∂y)2
Φˆy = − ∂Φ/∂y√
(∂Φ/∂x)2 + (∂Φ/∂y)2
.
(2.2)
Here, Φˆx and Φˆy indicate directional cosines of pedestrian stream motion.
Second, he represented the velocity of a pedestrian stream ~v = (vx, vy)
with speed function f = f(ρ) and directional cosines Φˆx and Φˆy,
vx = f(ρ)Φˆx
vy = f(ρ)Φˆy.
(2.3)
Third, he also took into account that pedestrians tend to minimize their
travel time while avoiding extremely high-density areas. He introduced
walking strategy function,
1√
(∂Φ/∂x)2 + (∂Φ/∂y)2
= g(ρ)
√
v2x + v
2
y , (2.4)
where g(ρ) is a discomfort function. Hughes [48] set the value of g(ρ)
as 1 for most density levels but increased it for high pedestrian density
situations. Based on the continuity equation in Equation (2.1) and Equa-
tions (2.2) to (2.4), Hughes presented the governing equations for pedes-
trian flow:
− ∂ρ
∂t
+
∂
∂x
(
ρg(ρ)f2(ρ)
∂Φ
∂x
)
+
∂
∂y
(
ρg(ρ)f2(ρ)
∂Φ
∂y
)
= 0 (2.5)
and
1√
(∂Φ/∂x)2 + (∂Φ/∂y)2
= g(ρ)f(ρ). (2.6)
Later, Huang et al. [47] interpreted the potential function Φ(x, y) as
a walking cost potential. They assumed that a pedestrian stream fol-
lows a path minimizing walking cost according to a generalized cost func-
tion C = C(ρ, x, y, t). In line with Eikonal equation [50, 95, 116, 117],
they reformulated a walking strategy function of Hughes’s model [Equa-
tion (2.4)]:
C
~q
‖~q‖ +∇Φ = 0, (2.7)
where, the flow ~q is defined as a product of density and velocity, i.e., ~q = ρ~v.
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2.1.2 Cellular Automata
In cellular automata (CA), pedestrian walking space is divided into uni-
form grids (or cells) and pedestrian movements are updated at discrete
time step. Each pedestrian occupies a particular cell and moves between
cells according to the prescribed rules. A pedestrian can move to a neigh-
boring cell and the set of neighboring cells can be defined in two ways:
von Neumann neighborhood and Moore neighborhood. In a rectangular
grid, the von Neumann neighborhood includes a central cell and its four
adjacent cells neighboring by edges of the central cell. The Moore neigh-
borhood consists of a central cell and the eight cells surrounding the cen-
tral one, adding diagonal connectivity to the von Neumann neighborhood.
The CA-based approaches have been one of the popular pedestrian flow
models because the approaches offer simple and efficient computation.
Gipps-Marksjö model
Gipps and Marksjö [29] proposed the gain-cost model in which the walk-
ing space is discretized into 0.5 m × 0.5 m square cells. Each cell can
be occupied by no more than one pedestrian. They modeled that a pedes-
trian in cell imoves to cell j which maximizes the benefit of his movement.
Similar to the Moore neighborhood, a set of available cells includes cell i
occupied by the pedestrian and eight neighboring cells. The benefit Bj for
cell j is calculated by subtracting cost score Sj from gain function value
P (σj), i.e.,
Bj = P (σj)− Sj . (2.8)
The cost score Sj represents the repulsion effects from nearby pedestrians
and obstacles assigned to the cell j. The gain function P (σj) reflects the
distance to the destination d. The cost score function Sj is given as
Sj =
1
(∆− α)2 + β , (2.9)
where ∆ is the distance between cell j and a cell i in which the pedestrian
is standing. Here, α = 0.4 is a constant which is slightly smaller than the
size of a pedestrian (= 0.5 m), and β = 0.015 is an arbitrary constant which
moderates fluctuation in the cost score function Sj . The gain function
P (σj) is given as
P (σj) = K |cosσj | cosσj , (2.10)
where K is gain function constant and σj is the angle between a vector
pointing from current position to a destination and a vector pointing to
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cell j where the pedestrian plans to move. If the pedestrian is not going
to move, P (σj) becomes zero. According to the definition of a dot product
between two vectors, cosσj is calculated as
cosσj =
(~xj − ~xi) · (~xd − ~xi)
|~xj − ~xi| |~xd − ~xi| , (2.11)
where ~xj , ~xi, and ~xd are the location of cell j, cell i, and the destination d,
respectively.
Blue-Adler model
Similar to the particle hopping model of Nagel and Schreckenberg [81, 82],
Blue and Alder [8, 9, 10] suggested an alternative formulation of cellu-
lar automata for pedestrian motions based on three sets of behavioral
rules including sidestepping, forward movement, and conflict mitigation.
Sidestepping rules describe lateral movements of pedestrians: move to
left or right lanes, or stay in the same lane. Forward movement rules de-
cide the desired speed and available gap ahead. Conflict mitigations en-
able pedestrians to avoid a head-on collision between approaching pedes-
trians from opposite directions. Pedestrian movements are updated with
the probability of movement related to the behavioral rules.
Floor field model
Burstedde et al. [12] and Kirchner and Schadschneider [61] introduced
the floor field model. In the floor field model, pedestrians are walking
on a floor field which is represented as a superposition of a static floor
field and a dynamic floor field. The static floor field indicates quantities
fixed over time, such as the shortest distance to an exit. The dynamics
field represents virtual traces created by pedestrians who passed a cer-
tain area. The concept of dynamic floor field is analogous to chemotaxis of
ants. In ant traffic systems, leading ants secrete pheromones when they
march towards a food source, so following ants can reach the source by
chemotaxis. The concept of floor field has been applied to develop pedes-
trian navigation models, such as in studies performed by Asano et al. [2],
Hartmann [34], and Kneidl et al. [62].
The floor field model describes pedestrian movements by means of a
transition probability. The transition probability pij for moving to a neigh-
boring cell (i, j) is
pij = N exp(kDDij + kSSij)(1− nij)ξij , (2.12)
where Dij and Sij are strength of dynamic and static fields at cell (i, j),
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and kD and kS are sensitivity parameters of Dij and Sij , respectively. Oc-
cupation number nij is 1 if cell (i, j) is occupied by a pedestrian, 0 for
otherwise. Obstacle number ξij becomes 0 for a cell obstacles or walls,
while it is 1 for cells where pedestrians can move to. Normalization factor
N is given as
N =
1∑
(i,j) exp(kDDij + kSSij)(1− nij)ξij
. (2.13)
After calculating the transition probability pij , each pedestrian decides
where he or she will move and then updates one’s position.
2.1.3 Velocity-based Models
In velocity-based models, pedestrian motions are described by a first-order
ordinary differential equation,
d~xi(t)
dt
= ~vi(t). (2.14)
Here, ~xi(t) is the position of pedestrian i at time t and ~vi(t) is his velocity
at time t. In contrast to CA-based approaches, the velocity-based models
can express pedestrian position and speed as continuous variables. The
velocity-based models can simulate pedestrian movements without calcu-
lating force terms, so inertia effects do not occur. Thus, the implemen-
tation is easier than force-based models which are described by a second-
order ordinary differential equation (see Section 2.1.4). Different velocity-
based models have been proposed by introducing various formulations of
~vi(t).
Contractile particle model
Baglietto and Parisi [3] presented the contractile particle model in which
pedestrians are represented as circles with variable radii. Velocity of
pedestrian i is described with desired velocity ~vi,d and escape velocity ~vi,e.
~vi(t) =
 ~vi,d if pedestrian i is free of contact,~vi,e otherwise, (2.15)
where ~vi,d is the desired velocity pointing destination from current posi-
tion ~xi, and ~vi,e is the escape velocity from the boundary of obstacles or
other pedestrians in contact. The desired velocity ~vi,d is
~vi,d = vi,d~ei, (2.16)
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where vi,d is the desired speed and ~ei is a unit vector in the desired direc-
tion. The desired speed is formulated as
vi,d = vd,max
(
ri − rmin
rmax − rmin
)β
, (2.17)
where vd,max is the maximum desired speed which a pedestrian can attain
if his movement is not restricted by other pedestrians or obstacles. The
pedestrian radius ri varies between the maximum radius rmax and the
minimum radius rmin. The exponent β controls the shape of desired speed
function in Equation (2.17).
The escape velocity ~vi,e is given as
~vi,e = ve
∑
j ~eij∥∥∥∑j ~eij∥∥∥ , (2.18)
where ve is the escape speed and ~eij is a unit vector pointing from pedes-
trian j to i. The escape speed ve set to be the same as the maximum value
of desired speed, i.e., ve = vd,max.
Gradient navigation model
Dietrich and Köster [21] introduced the gradient navigation model. In
the model, pedestrian motions are described with relaxed speed wi(t) and
navigation function ~N(~xi, t):
d~xi(t)
dt
= wi(t) ~N(~xi, t) (2.19)
Here, the navigation function ~N(~xi, t) represents desired walking direc-
tion. The relaxed speed wi(t) is given as
dwi(t)
dt
=
1
τ
[
vd
∥∥∥ ~N(~xi, t)∥∥∥− wi(t)] , (2.20)
where τ is relaxation constant, and vd is the desired speed of pedestrian
i which is determined based on the local crowd density ρ(xi). The nav-
igation function ~N is given as a superposition of navigation vectors ~NT
and ~NP , and these navigation vectors are given as gradient of distance
functions. i.e.,
~N(~xi, t) = g(g( ~NT ) + g( ~NP )), (2.21)
where, g(~x) is a scaling function normalizing a vector ~x to a length in [0, 1].
Here, ~NT is desired walking direction vector which minimizes walking
time to destination σ,
~NT = −∇σ. (2.22)
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Repulsion effects from other pedestrians and obstacles are represented by
~NP ,
~NP = −
∑
j 6=i
∇Pi,j +
∑
B
∇Pi,B
 , (2.23)
where Pi,j and Pi,B are functions of distance to other pedestrian j and
obstacle B, respectively. See Dietrich and Köster [21] for further details
of the model.
2.1.4 Force-based Models
While velocity-based models are formulated based on a first-order ordi-
nary differential equation, force-based models predict pedestrian motions
with a second-order ordinary differential equation, i.e.,
d2~xi(t)
dt2
= ~fi(t). (2.24)
Here, ~fi(t) is the force acting on pedestrian i at time at time t. The
force-based models represent interactions among pedestrians with virtual
forces and can consider physical contacts among pedestrians similar to
the case of granular flows [24]. Different force-based models have been
proposed based on analogies with various forces in Newtonian mechanics.
The force-based models have been developed in order to describe pedes-
trian behaviors in detail, especially for the case of high pedestrian density.
Magnetic force model
By the analogy with Coulomb’s law, Okazaki [86] proposed the magnetic
force model. In the model, each pedestrian is modeled as a positively
charged particle, and similarly, obstacles such as walls and columns are
also modeled as positive poles. In contrast, the destination points are
represented as negative poles. According to the magnetic force model,
pedestrian i walking towards his destination is described as a positively
charged particle attracted by a negative pole. Avoiding other pedestrians
and obstacles are described by repulsive accelerations acting on pedes-
trian i from positively charged particles and poles. The magnetic force
~Fi,m exerts on pedestrian i from a negative pole is given as
~Fi,m =
kq1q2~r
r3
, (2.25)
where k is magnetic force constant. The intensity of positively charged
particle (i.e., pedestrian) is indicated by q1, and that of negative pole (i.e.,
destination) is denoted by q2. The distance vector from pedestrian i to a
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destination is denoted by ~r and r is its magnitude. The repulsive acceler-
ation acting on pedestrian i from pedestrian j is given as
~aij = ~vi cos(α) tan(β), (2.26)
where ~vi is the velocity of pedestrian i. The angle α is defined between
vi and vij . The angle β is defined between vij and a tangential line to
the circumference of pedestrian j from the position of pedestrian i. Here,
vij is the relative velocity of pedestrian i to pedestrian j. Note that, the
tangential line is crossing the velocity vector of pedestrian j.
Social force models
Although the magnetic force model is considered as the first force-based
model, the model has not been widely applied. This seems to be be-
cause the formulation and implementation of the magnetic force model
are complicated and not straightforward. Helbing and Molnár [42] pro-
posed the social force model, analogously to self-propelled particle mod-
els [22, 74, 98, 105]. The social force model [42] describes the pedestrian
movements as a superposition of driving, repulsive, and attractive force
terms. Each pedestrian i is modeled as a circle with radius ri in a two-
dimensional space. The position and velocity of each pedestrian i at time
t, denoted by ~xi(t) and ~vi(t), evolve according to the following equations:
d~xi(t)
dt
= ~vi(t) (2.27)
and
d~vi(t)
dt
= ~fi,d +
∑
j 6=i
~fij +
∑
B
~fiB +
∑
A
~fiA. (2.28)
Here, the driving force ~fi,d describes the pedestrian i accelerating to reach
its destination. The repulsive force between pedestrians i and j, ~fij , de-
notes the tendency of pedestrians to keep a certain distance from each
other. The repulsive force from boundary B, ~fiB, shows the interaction be-
tween pedestrian i and boundary B (i.e., walls and obstacles). The attrac-
tive force ~fiA indicates pedestrian movements toward attractive stimuli.
The attractive stimuli can be, for instance, attractive interactions among
pedestrian group members or between pedestrians and attractions such
as shop displays and museum exhibits.
The driving force ~fi,d is given as
~fi,d =
vd~ei − ~vi(t)
τ
, (2.29)
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where vd is the desired speed and ~ei is a unit vector in the desired di-
rection, independent of the position of the pedestrian i. The relaxation
time τ controls how fast the pedestrian i adapts its velocity to the desired
velocity.
The repulsive force between pedestrians i and j, denoted by ~fij , is the
sum of the gradient of repulsive potential,
~fij = −∇~dijV (bij). (2.30)
Here, the repulsion potential represents the level of interpersonal repul-
sion associated with the relative positions of pedestrians i and j. Sim-
ilar to the relationship between force and potential energy in physics,
the interpersonal repulsive force can be expressed as the negative of the
derivate of the potential function. The repulsive potential is given as
V (dij) = Cplp exp
(
−bij
lp
)
. (2.31)
Here, Cp and lp denote the strength and the range of repulsive interaction
between pedestrians, and bij is the effective distance between pedestri-
ans i and j. The social force models can be categorized according to the
formulation of the effective distance bij .
Circular specification (CS) [35] is the most simplistic form of the repul-
sive interaction, assuming that bij is as a function of dij , the distance
between pedestrians i and j,
bij = dij − (ri + rj). (2.32)
The explicit form of fij can be written as
~fij = Cpexp
(
ri + rj − dij
lp
)
~eij , (2.33)
where ~eij = ~dij/dij is a unit vector pointing from pedestrian j to pedes-
trian i, and ~dij ≡ ~xi − ~xj is the distance vector pointing from pedestrian j
to pedestrian i. Due to its simplicity, CS has been widely applied for
agent-based modeling [37, 87, 89] and multiscale modeling [18, 46, 45].
Although CS describes the pedestrian motion with a minimal number of
parameters, it has limitation on reflecting the influence of relative veloc-
ity.
Helbing and Molnár [42] introduced Elliptical specification (ES-1), con-
sidering pedestrian j’s stride, ~yij ≡ ~vj∆ts with the stride time ∆ts. The
effective distance bij is given as
bij =
1
2
√
(‖~dij‖+ ‖~dij − ~vj∆ts‖)2 − ‖~vj∆ts‖2
=
1
2
√
(‖~dij‖+ ‖~dij − ~yij‖)2 − ‖~yij‖2.
(2.34)
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Based on Equation (2.34), the explicit form of ~fij is given as
~fij = Cp exp
(
−bij
lp
) ‖~dij‖+ ‖~dij − ~yij‖
4bij
(
~dij
‖~dij‖
+
~dij − ~yij
‖~dij − ~yij‖
)
.
(2.35)
Later, Johansson et al. [51] introduced ES-2, an improved version of the
ES-1, by revising bij with relative displacement of pedestrians i and j,
~yij ≡ (~vj − ~vi)∆ts.
bij =
1
2
√
(‖~dij‖+ ‖~dij − (~vj − ~vi)∆ts‖)2 − ‖(~vj − ~vi)∆ts‖2
=
1
2
√
(‖~dij‖+ ‖~dij − ~yij‖)2 − ‖~yij‖2,
(2.36)
The interpersonal elastic force ~gij can be added to the interpersonal
repulsion force term ~fij when the distance dij is smaller than the sum
rij = ri + rj of their radii ri and rj . Similar to the case of granular parti-
cles [24], Helbing [35] suggested the interpersonal elastic force as:
~gij = h(rij − dij)
{
kn~eij + kt[(~vj − ~vi) · ~tij ]~tij
}
, (2.37)
where kn and kt are the normal and tangential elastic constants. A unit
vector ~eij is pointing from pedestrian j to pedestrian i, and ~tij is a unit
vector perpendicular to ~eij . The function h(x) yields x if x > 0, while it
gives 0 if x ≤ 0. Later, Moussaïd et al. [76] presented a simpler form of the
interpersonal compression mainly considering normal elastic force:
~gij = knh(rij − dij)~eij . (2.38)
The repulsive force from boundaries is
~fiB = Cb exp
(
−diB
lb
)
~eiB, (2.39)
where diB is the perpendicular distance between pedestrian i and wall,
and ~eiB is the unit vector pointing from the wall B to the pedestrian i.
The strength and the range of repulsive interaction from boundaries are
denoted by Cb and lb.
In addition to the repulsive interactions, Helbing and Molnár [42] intro-
duced the attractive force term, indicating attractive interactions between
pedestrian group members and with attractions such as shop displays and
museum exhibits. Later, Xu and Duh [109] formulated the interaction be-
tween group members i and k, ~fik, as a summation of a bonding and a
repulsive force between the members:
~fik =
[
−Cb exp
(
dik − rik
lb
)
+
Cp
2
exp
(
rik − dik
lp
)]
~eik. (2.40)
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The first term on the right-hand side indicates the bonding effect between
pedestrian i and group member k, while the second term indicates the re-
pulsive interaction between the members. The strength and the range of
bonding force between pedestrians are denoted by Cb and lb, respectively.
Note that Cp is the strength of interpersonal repulsion between individ-
ual pedestrians who are not in the same pedestrian group. Here, ~eik is
the unit vector pointing from group member k to the pedestrian i. Xu
and Duh [109] set the strength of repulsive force between group members
as Cp/2, indicating that the repulsive force strength between same group
members is half of that among individuals who are not in the same group.
In another study, Moussaïd et al. [77] suggested a model of attractive
interaction among pedestrian group members,
~fiG = −β1αi~vi + qAβ2~eGi +
∑
k 6=i
qRβ3~eki. (2.41)
The first term on the right-hand side reflects the gazing behavior of a
group member i. The second term indicates the attractive force between
group member i and the center of the pedestrian group G. The third term
shows the repulsive force between pedestrian i group member k. Here, β1
and β2 are the strength of the attractive interactions between group mem-
bers and for pedestrian i and the group center G, respectively. The repul-
sive force strength β3 is defined between pedestrian i and group member
k. Unit vectors ~eGi and eki are pointing from pedestrian i to the group
center G and pointing from pedestrian i to group member k, respectively.
The head rotation angle is denoted by α1. In addition, qA and qR are rel-
evant to threshold distance between pedestrian i and the group center G,
and between pedestrian i to group member k. If qA = 1 and qR = 1, the
corresponding distance is smaller than the threshold values, otherwise 0.
Centrifugal force models
Yu et al. [111] proposed the centrifugal force model in which the repulsive
force term is analogous to centrifugal force in mechanics. In the social
force models, the repulsive force term is formulated as a derivative of re-
pulsive potential. Although the social force models have been extended in
order to incorporate relative velocity, the relative velocity is only associ-
ated with the interpersonal distance but not explicitly with the repulsive
force term. In the centrifugal force model, the repulsive force term is for-
mulated as a function of the relative velocity.
~fij = −Kij
v2ij
dij
~eij , (2.42)
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where vij is the projection of the relative velocity of pedestrians i and j in
the direction ~eij ,
~vij =
1
2
[(~vi − ~vj) · ~eij + ‖(~vi − ~vj) · ~eij‖] . (2.43)
An anisotropic effect factor Kij reflects that pedestrians react to others in
front of them within their angle of view 180◦,
Kij =
1
2
[
~vi · ~eij + ‖~vi · ~eij‖
‖~vi‖
]
. (2.44)
Likewise, the boundary repulsive force is given in the centrifugal force
model as
~fiB = −KiB
(
v2iB
dij
)
~eiB (2.45)
with
KiB =
1
2
[
~vi · ~eiB + ‖~vi · ~eiB‖
‖~vi‖
]
. (2.46)
Later, Chraibi et al. [17] introduced the generalized centrifugal force
model with consideration of desired speed for the repulsive force terms.
The interpersonal repulsive force term ~fij is given as
~fij = −Kij (ηvd + vij)
2
dij − ri(vi)− rj(vj)~eij . (2.47)
Here, η is the repulsive force strength parameter and ri is required space
for pedestrian i’s motion. They suggested the required space for stride ri
as a function of torso size and pedestrian i’s velocity,
ri(vi) = r0 + vi∆ts, (2.48)
where r0 is torso size and ∆ts is stride time. Similar to Equation (2.47),
the boundary repulsive force is given as
~fiB = −KiB (ηvd + vij)
2
diB − ri(vi)~eiB, (2.49)
where biB is the distance between boundary B and pedestrian i.
2.1.5 Remarks
Summary
In Section 2.1, I have reviewed modeling approaches including macro-
scopic and microscopic approaches. From a viewpoint of fluid dynamics,
macroscopic models treat pedestrians motions similar to fluid streams [47,
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48]. This type of approach can directly estimate pedestrian flow charac-
teristics such as pedestrian density and flow over a large area. However,
due to its modeling approach, macroscopic models do not explicitly reflect
interactions among pedestrians. Thus, macroscopic models are often lim-
ited to aggregated descriptions of pedestrian flow.
On the other hand, microscopic models view pedestrians as self-driven
particles. Numerous approaches have been proposed such as cellular au-
tomata (CA) [10, 12, 29], velocity-based models [3, 21], and force-based
models [42, 86, 111]. In CA-based approaches, space is discretized into
two-dimensional lattices where each cell can have at most one pedestrian.
Pedestrians move between cells according to the probability of movement.
The CA-based approaches offer simple and efficient computation but yield
limited accuracy on describing pedestrian movements due to the nature
of discretized time and space.
Velocity-based models predict pedestrian movements based on a first-
order ordinary differential equation. The velocity-based models can sim-
ulate pedestrian movements without calculating force terms, so inertia
effects do not occur. However, the velocity-based models provide a lim-
ited representation of high-density situations when physical interactions
among pedestrians become critical.
Force-based models describe pedestrian motions as a combination of
force terms that can be expressed as a second-order ordinary differen-
tial equation. Internal motivation and external stimuli are modeled as
force terms, and pedestrian trajectories are calculated by summing these
force terms in continuous space. Although force-based models can de-
scribe pedestrian behaviors in detail, they are computationally expensive.
Due to the existence of under-damped solutions in second-order ordinary
differential equations, sometimes force-based models can produce unre-
alistic inertia effects such as oscillatory behavior in pedestrian trajecto-
ries [17, 63, 64].
Table 2.1 classifies pedestrian models discussed in this section and Ta-
ble 2.2 summarizes advantages and limitations of different modeling ap-
proaches. Interested readers can find extensive reviews of pedestrian flow
models presented by Bellomo and Dogbe [7], Duives et al. [23], Papadim-
itriou et al. [88], and Templeton et al. [101]. Bellomo and Dogbe [7] sum-
marized different mathematical models of crowd behaviors and discussed
issues on representation scales of the models. They pointed out chal-
lenges on developing macroscopic descriptions of collective phenomena
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Table 2.1. Classification of pedestrian models.
Macroscopic Models Hughes models [47, 48]
Cellular Automata Gipps-Marksjö model [29]
Blue-Adler model [10]
Floor field model [12, 61]
Velocity-based Models Contractile particle model [3]
Gradient navigation model [21]
Force-based Models Magnetic force model [86]
Social force models [35, 42, 51]
Centrifugal force models [17, 111]
Table 2.2. Advantages and limitations of different modeling approaches.
Modeling Advantages Limitations
Approaches
Macroscopic computationally cheap aggregated descriptions
Models
Cellular simple limited accuracy
Automata efficient computing
Velocity-based no inertia effect lack of physical interactions
Models
Force-based detailed presentations computationally expensive
Models inertia effect
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based on microscopic models of individual behaviors. Duives et al. [23]
compared crowd simulation models and assessed the models’ capability
for predicting self-organized phenomena in various geometries of indoor
space. Papadimitriou et al. [88] reviewed pedestrian movement models
and crossing behavior studies in urban environments. They emphasized
the importance of integrating pedestrian movement models with decision-
making models such as crossing behavior models. Templeton et al. [101]
examined the underlying assumptions of various crowd behavior models
and reported that the majority of crowd behavior models fails to replicate
realistic large-scale collective behaviors that have been observed in the
previous empirical studies.
This dissertation has investigated collective patterns of pedestrian flow
emerging from interactions between pedestrians and attractions. In or-
der to incorporate behavioral aspects of individuals, the microscopic mod-
eling approach was employed. Among various microscopic models, the
social force models have been widely applied, for instance, in agent-based
modeling [37, 87, 89] and multiscale modeling [18, 46, 45], due to their
simplicity. The repulsive force terms in the models are given as natu-
ral exponential functions that are easy to integrate and differentiate. The
social force models have produced promising results in that the model em-
bodies behavioral elements and physical forces. The original model and
its variants have successfully demonstrated various interesting phenom-
ena such as lane formation [42], bottleneck oscillation [42], and turbulent
movement [110]. Accordingly, the social force model was selected for this
dissertation.
Gaps in the existing social force models
Different specifications of repulsive force terms have been proposed for the
social force models, such as circular specification (CS) [35], elliptical spec-
ification (ES-1) [42], an improved version of the ES-1 (ES-2) introduced by
Johansson et al. [51]. Furthermore, improved numerical implementations
of the models have been suggested in order to suppress oscillatory behav-
ior in pedestrian trajectories [63, 64]. In addition to the repulsive interac-
tions, the effect of attractive interactions also has been investigated, first
introduced by Helbing and Molnár [42]. For example, Xu and Duh [109]
simulated bonding effects of pedestrian groups and evaluated their im-
pacts on pedestrian flows. In another study, Moussaïd et al. [77] analyzed
attractive interactions among pedestrian group members and their spa-
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tial patterns. However, little attention has been paid to the attractive
interactions between pedestrians and attractions.
Based on the review of existing social force models, it is identified that
relatively little is known about the effect of attractive interactions be-
tween pedestrians and attractions. Therefore, this dissertation aims at
proposing numerical simulation models to study the attractive interac-
tions between pedestrians and attractions.
2.2 The Concept of Phases
Phase is one of the fundamental concepts in thermodynamics and statis-
tical physics [94, 96]. In these areas, phases indicate different forms of a
material or a system of particles. For instance, H2O is in ice, liquid water,
or vapor phases depending on temperature and pressure. If a material is
in a certain phase, it means that the physical properties of the material
are homogeneous even if there are small changes in external conditions.
For instance, the specific heat capacity of water is virtually constant if it is
in a phase such as water, ice, or vapor. A phase transition can be defined
when one can observe a qualitative change from one phase to another by
controlling an independent variable. As an example, boiling water shows
a phase transition from liquid water to vapor as temperature increases. A
phase diagram depicts different phases in a graph as a function of control
variables.
The term “phase” often indicates different jam patterns in freeway traf-
fic studies. In two-phase traffic theory [79, 104, 106], traffic flow patterns
can be classified into either free flow phase or jammed phase. In the free
flow phase, the vehicle density is not high and vehicles can keep large
enough distance among them. Although interactions among vehicles ex-
ist, the interactions do not significantly reduce the speed of freeway traf-
fic. In the jammed phase, on the other hand, interactions among vehicles
come into effect, so movements of a vehicle can be restricted by other vehi-
cles. Consequently, the vehicle speed is decreasing as the vehicle density
is growing. Speed drop and stop-and-go patterns can be observed when
the freeway traffic turns into the congested phase. According to three-
phase traffic theory [55, 57], the traffic flow patterns are categorized into
three phases: free flow, synchronized flow, and wide moving jam phases.
In the synchronized flow phase, average speed becomes significantly lower
than in the free flow phase, but stopping behavior is not notable yet. The
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speed drop is often observed at a fixed location and usually does not move
upstream. In the wide moving jam phase, however, a congested area prop-
agates upstream and it can move through an area in any state of free or
synchronized free phases. In this case, one can observe a coexisting of
wide moving jam and either free or synchronized free phases. Stop-and-
go patterns can be observed in that vehicles have to stop when they ap-
proach the congested area and then speed up when they leave the areas.
Furthermore, various jam patterns can be further categorized in terms
of multi-phases according to spatio-temporal patterns of the congested
area [39, 93].
In pedestrian flow studies, growing body of literature has mainly focused
on jamming transitions, thus the concept of phases is frequently utilized
similar to the case of vehicular traffic studies. For example, Ezaki et
al. [25] and Suzuno et al. [100] summarized their study results by pre-
senting jammed phase. Nowak and Schadschneider [85] studied lane for-
mation in bidirectional flow and suggested four phases including free flow,
disorder, lanes, and gridlock phases. Although moving between places is
not the only purpose of pedestrian walking, many of pedestrian flow stud-
ies have only focused on pedestrian jams in line with pedestrian mobility.
Consequently, there remains a need for further research to quantify vari-
ous patterns or phases in pedestrian motions.
In self-propelled particle studies, the concept of phases has been ap-
plied for representing various patterns of collective motions. For instance,
D’Orsogna et al. [22] summarized the collective patterns of self-propelled
particles based on configurational patterns, such as clumps, ring clump-
ing, and rings. Similar to self-propelled particles, pedestrians can freely
move in a two-dimensional space, and their motion shows different pat-
terns not only when they travel but also when they form groups and
gather around near an attraction. Therefore, the concept of phases can
be applied to explain various patterns of pedestrian motions. In this dis-
sertation, macroscopic measures are introduced to characterize different
phases of collective pedestrian behaviors.
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3. Numerical Simulation Models
In this chapter, I explain numerical simulation models developed in this
dissertation. First, I present a numerical simulation model of attractive
interactions between pedestrians and attractions. Analogously to self-
propelled particle models [22, 74], the attractive interactions between
pedestrians and attractions are expressed as a superposition of attractive
and repulsive force terms. For simplicity, all the pedestrians are subject
to the same attractive interactions. The attractive force term makes the
pedestrians approach the attractions. The repulsive force term keeps the
pedestrians a certain distance from the attractions. Like other social force
terms, the attractive force and repulsive force terms in the attractive in-
teraction model are given in an exponential form with the strength and
range parameters. Development of the model is described in Section 3.1.
Second, I show a joining behavior model which is inspired by the stimu-
lus crowd effect studied by Milgram et al. [72] and Gallup et al. [27]. Their
studies reported that more passersby adapted the behavior of stimulus
group as the group size grows. The group members were asked to look up
an object on a busy city street for a short time, raising the awareness of
the object. Based on their findings, it was assumed that the probability of
joining an attraction increases according to the number of pedestrians at-
tending the attraction. If an individual joins an attraction, then he or she
stays there for a certain length of time. After the individual leaves the at-
traction, he or she is not going to visit there anymore. Pedestrian motions
were numerically described with the social force model and the joining
behavior model. Formulation of the model is presented in Section 3.2.
Third, I describe the setup of numerical simulations on pedestrian flow
near an attendee cluster. The pedestrians were categorized into two types:
attracted pedestrians and passersby. The attracted pedestrians decided
to join an attraction according to the joining behavior model presented
41
Numerical Simulation Models
in Section 3.2. The passersby are the pedestrians who are not interested
in the attraction, thus they do not visit the attraction. It was assumed
that they aimed at smoothly bypassing obstacles while walking towards
their destination. The concept of attainable speed was implemented by
which each pedestrian adjusted his desired walking speed depending on
available space in front of him. Introducing attainable speed of pedestrian
motion prevented excessive overlaps among pedestrians. Consequently, it
provided a better representation of pedestrian stopping behavior. Details
of the numerical simulation model are explained in Section 3.3.
Numerical simulations have been performed for a straight corridor of
length L along x-axis and width W along y-axis. It has been assumed
that a straight corridor is a basic element of pedestrian facilities, and the
pedestrian facilities can be modeled as a combination of such straight cor-
ridors. In this dissertation, the corridor length L is considerably larger
than the corridor width W in order to make sure that all the pedestri-
ans can see attractions on lower or upper boundaries of the corridor. The
study of pedestrian jams induced by an attraction can be performed by
setting W small. A long straight corridor provides enough space for a
pedestrian queue formed upstream of an attraction. For the straight cor-
ridor, bidirectional pedestrian flow was mainly considered. That is, one
half of the population is walking towards the right boundary of the corri-
dor from the left, and the opposite direction for the other half. Pedestrians
were represented as circles with radius ri. They moved with desired speed
vd = 1.2 m/s and with relaxation time τ = 0.5 s, and their speed was lim-
ited to vmax = 2.0 m/s. Here, the desired speed is defined as a speed at
which a pedestrian would like to walk if one’s walking is not hindered by
other pedestrians. The relaxation time controls how fast the pedestrian
adapts current speed to desired speed. Pedestrian trajectories were up-
dated with the social force model in Section 2.1.4 for each simulation time
step ∆t = 0.05 s. Relevant equations for updating pedestrian motions are
presented as
d~vi(t)
dt
= ~fi,d +
∑
j 6=i
~fij +
∑
B
~fiB, (3.1)
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with
~fi,d =
vd~ei − ~vi(t)
τ
,
~fij = Cp exp
(
−bij
lp
) ‖~dij‖+ ‖~dij − ~yij‖
4bij
(
~dij
‖~dij‖
+
~dij − ~yij
‖~dij − ~yij‖
)
+ ~gij ,
bij =
1
2
√
(‖~dij‖+ ‖~dij − ~yij‖)2 − ‖~yij‖2,
~yij = (~vj − ~vi)∆ts,
~fiB = Cb exp
(
−diB
lb
)
~eiB.
(3.2)
Following previous studies [109, 112, 114], the first-order Euler method
was employed for a numerical integration of Equation (3.1). The numeri-
cal integration of Equation (3.1) was discretized as
~vi(t+ ∆t) = ~vi(t) + ~ai(t)∆t,
~xi(t+ ∆t) = ~xi(t) + ~vi(t+ ∆t)∆t.
(3.3)
Here, ~ai(t) is the acceleration of pedestrian i at time t and the velocity of
pedestrian i at time t is given as ~vi(t). The position of pedestrian i at time
t is denoted by ~xi(t).
Specific setups of each study are further explained in the following sec-
tions.
3.1 Study I: Attractive Force Model
In Study I, the collective effects of attractive interactions between pedes-
trians and attractions were numerically studied by devising an attractive
force term ~fiA. The attractive force term ~fiA indicates pedestrian move-
ments toward attractive stimuli, for instance, shop displays and museum
exhibits. The attractive force toward attractions was modeled similarly
to the interaction between pedestrians and the wall, but in terms of both
attractive and repulsive interactions. The repulsive effect of attractions
is necessary so that pedestrians can keep a certain distance from attrac-
tions.
Mogilner et al. [74] suggested that attractive interactions among indi-
viduals can be modeled by adding repulsion and attraction terms, i.e.,
F = Cr exp
(
−dij
lr
)
− Ca exp
(
−dij
la
)
, (3.4)
where F is the magnitude of the attractive force between a pair of indi-
viduals. The distance between two individuals i and j are represented
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by dij . Repulsion and attraction strength parameters are indicated by Cr
and Ca, respectively. Range parameters are denoted by lr for repulsion
and la for attraction. They also noted that short-range strong repulsive
and long-range weak attractive interactions are needed to make the in-
dividuals keep a certain distance between them while forming a stable
group. Mogilner et al. [74] and D’Orsogna et al. [22] demonstrated that
the pairwise attractive and repulsive forces in Equation (3.4) can repro-
duce various formations of swarm particles.
Analogously to self-propelled particle models [22, 74], the strength and
range of attractive force were modeled as
~fiA =
[
Cr exp
(
ri − diA
lr
)
− Ca exp
(
ri − diA
la
)]
~eiA. (3.5)
The distance between pedestrian i and attraction A is indicated by diA,
and ~eiA is the unit vector pointing from attraction A to pedestrian i. Here,
Ca and la denote the strength and the range of attractive interaction to-
ward attractions, respectively. Similarly, Cr and lr denote the strength
and the range of repulsive interaction from attractions. As in Refer-
ence [74], the strength and range parameters were set to be Cr > Ca and
la > lr. By these conditions, the attractions attract distant pedestrians
but not too close to the attractions. Pedestrian radius ri is incorporated
with the model to consider the effect of pedestrian size on effective dis-
tance between pedestrian i and attraction A.
The presented model in Equation (3.5) was coupled with the social force
model presented in Equation (3.1). Accordingly, the social force model was
given as
d~vi(t)
dt
= ~fi,d +
∑
j 6=i
~fij +
∑
B
~fiB +
∑
A
~fiA. (3.6)
The interpersonal elastic force ~gij in Equation (3.2) was given as
~gij = h(rij − dij)
{
kn~eij + kt[(~vj − ~vi) · ~tij ]~tij
}
. (3.7)
Other force terms in the implementation were same as in Equation (3.2).
In numerical simulations, the corridor dimensions were set as L = 25 m
and W = 4 m, with periodic boundary condition in the direction of x-
axis. According to the periodic boundary condition, pedestrians walk into
the corridor through one side when they have left through the opposite
side. Periodic boundary condition was used in order to keep the number of
pedestrians constant over the corridor during the numerical simulations.
Five attractions were placed for every 5 m on both upper and lower walls
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of the corridor. To consider the dimension of attractions, each attraction
was modeled as three point masses: one point at the center, the other
two points at the distance of 0.5 m from the center. The parameters of
the repulsive force terms were given based on previous works: Cp = 3,
lp = 0.2, ∆ts = 0.5, kn = 25, kt = 12.5, Cb = 10, and lb = 0.2 [36, 42, 51,
76]. Here, the values of Cr and lr were set to be the same as Cb and lb.
In Study I, short-range strong repulsive and long-range weak attractive
interactions were considered, thus the values of Ca and la were chosen
such that la > lr and Ca < Cr. Accordingly, the value of la were set to be
1. The effect of attractive interaction toward attractions can be studied by
controlling the ratio of Ca to Cr, defining the relative attraction strength
C = Ca/Cr with Cr = 10. The pedestrian density ρ = N/A was also
controlled for the corridor area A = 100 m2. At the initial time t = 0,
pedestrian positions were randomly generated with uniform distribution
over the whole corridor without overlapping.
3.2 Study II: Joining Behavior Model
Study I examined attractive interactions between pedestrians and attrac-
tions by appending the attractive force toward the attractions as shown
in Equation (3.5). Although the extended social force model can produce
various collective patterns of pedestrian movements, Study I did not ex-
plicitly take into account selective attention. The selective attention is
a widely recognized behavioral mechanism by which people can focus on
tempting stimuli and disregard uninteresting ones [31, 108].
Furthermore, it has been widely believed that individual choice behavior
can be influenced by social influence from other individuals. For instance,
previous studies on stimulus crowd effects reported that a passerby is
more likely to shift his attention towards the crowd as its size grows [27,
72]. This belief is generally accepted in the marketing area, which can be
interpreted that having more visitors in a store can attract more passersby
to the store [6, 14]. It was also suggested that the sensitivity to others’
choice is different for different places, time-of-day, and visitors’ motiva-
tion [27, 53]. In addition, the social influence is also relevant to under-
stand individual choice behavior in emergency evacuations. Helbing et
al. [37] suggested that pedestrians in evacuation scenarios were likely to
follow the movement of the majority group due to the lack of informa-
tion. Kinateder et al. [59] discovered that evacuees tended to follow the
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routes taken by others in virtual reality (VR) experiments of tunnel fires.
Based on laboratory experiments of simulated evacuations, Haghani and
Sarvi [33] confirmed that evacuees preferred an exit having more crowds
to other exits when the evacuees were unaware of situations of every exit.
Based on the idea of selective attention [31, 108] and social influence [6,
14, 27, 53, 72], it was assumed that an individual decided whether he
or she was going to visit an attraction based on the number of pedes-
trians attending the attraction. This is also known as a preferential at-
tachment which can be observed in scientific paper citation [90], network
growth [83, 99], and animal group size dynamics [84, 99]. According to
Gallup et al. [27], the preferential attachment model can be written as
P (Ni) =
Nki
Nki +N
k
j
, (3.8)
where P (Ni) is the probability of attachment. The number of pedestrians
in groups i and j are denoted by Ni and Nj , respectively. The exponent k
controls the probability function shape. For k = 1, the probability function
increases as the group size grows and then saturates when the group size
is large enough. If k ≥ 2, the probability function sharply increases before
it reaches a particular value, showing a quorum response [99]. Similar
to the studies of Milgram et al. [72] and Gallup et al. [27], the exponent
k was set to be 1. For the case of joining behavior, the subscript i can be
replaced by a indicating pedestrians already joined an attraction. Like-
wise, the subscript j can be replaced by 0 denoting pedestrians who are
not stopping by the attraction. In other words, Na and N0 are the number
of pedestrians who have already joined and for the pedestrians who have
not joined the attraction yet, respectively. In addition, Na was multiplied
by social influence parameter s in order to reflect the sensitivity to others’
choice.
Pa =
sNa
N0 + sNa
, (3.9)
where the social influence parameter s > 0 can be also understood as
pedestrians’ awareness of the attraction. The above equation shows that
the choice probability increases when s or Na grows. However, the choice
probability cannot be estimated if there is nobody within the range of
perception. In order to avoid such indeterminate case, K0 and Ka were
introduced as baseline values of Na and N0, respectively, i.e.,
Pa =
s(Na +Ka)
(N0 +K0) + s(Na +Ka)
. (3.10)
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According to previous studies [27, 53, 72], it was assumed that the strength
of social influence can be different for different situations and can be con-
trolled in Equation (3.10). When there is nobody near the attraction (i.e.,
Na and N0 are 0), the joining probability becomes Pa = sKa/(K0 + sKa).
In this case, the joining probability depends on the values of K0 and Ka,
meaning that an individual is more likely join the attraction as the value
of Ka increases.
When an individual can see an attraction in the perception range Ri =
10 m, the individual evaluates the joining probability in Equation (3.10).
If the individual decides to join the attraction, then he or she shifts de-
sired direction vector ~ei toward the attraction. Once an individual has
joined an attraction, he or she will stay near the attraction for an expo-
nentially distributed time with an average duration of visiting an attrac-
tion td [27, 42, 67]. After a lapse of td, the individual leaves the attrac-
tion and continues walking towards initial destination, not visiting the
attraction again. While td was observed on the order of a second in Refer-
ences [27, 72], td was a control variable in Study II ranging up to 300 s in
order to consider different types of attractions in terms of td.
Pedestrian motions were updated with the social force model presented
in Equation (3.1). Comparing to the setup of Study I, a simpler form
of interpersonal elastic force ~gij in Equation (3.2) was given as in Refer-
ence [76], i.e.,
~gij = knh(rij − dij)~eij . (3.11)
Other force terms in the implementation are same as in Equation (3.2).
In numerical simulations, the corridor dimensions were set as L = 30 m
and W = 6 m, with periodic boundary condition in the direction of x-
axis. An attraction was placed at the center of the lower wall, i.e., at
the distance of 15 m from the left boundary of the corridor. The number of
pedestrians in the corridor, N , was given as 100. As in Study I, pedestrian
positions were randomly generated with a uniform distribution over the
whole corridor without overlapping. The parameters of the repulsive force
terms were given based on previous works: Cp = 3, lp = 0.2, ∆ts = 0.5, k =
62.5, Cb = 10, and lb = 0.2 [42, 51, 66, 76]. For simplicity, Ka and K0 were
set to be 1, meaning that both options are equally attractive when the
individual would see nobody within his perception range. An individual
was counted as an attending pedestrian if his efficiency of motion Ei =
(~vi ·~ei)/vd was lower than 0.05 within a range of 3 m from the center of the
attraction after he decided to join there. The efficiency of motion indicates
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how much the driving force contributes to the progress of pedestrian i
towards his destination with a range from 0 to 1 [38, 66]. Here, Ei = 1
implies that the individual is walking towards his destination with the
desired velocity while lower Ei indicates that an individual is distracted
from his initial destination because of the attraction.
3.3 Study III: Modeling Pedestrian Flow near an Attendee Cluster
In Study III, the corridor dimensions were set as L = 60 m and W = 4 m,
with an open boundary condition in the direction of x-axis. An attraction
was placed at the center of the lower wall, i.e., at the distance of 30 m from
the left boundary of the corridor. An open boundary condition was em-
ployed in order to continuously supply passersby to the corridor. By doing
so, pedestrians can enter the corridor regardless of the number of leav-
ing pedestrians. On the other hand, if the number of pedestrians in the
corridor is fixed by periodic boundary condition, the number of passersby
tends to decrease as the number of attracted pedestrians increases.
The number of pedestrians in the corridor was associated with the pedes-
trian influx Q, i.e., the arrival rate of pedestrians entering the corridor.
The unit of Q is indicated by P/s, which stands for pedestrians per sec-
ond. Based on previous studies [69, 71], the pedestrian inter-arrival time
was assumed to follow a shifted exponential distribution. That is, pedes-
trians were entering the corridor independently and their arrival pattern
was not influenced by that of others. The minimum headway was set to
0.4 s between successive pedestrians entering the corridor, which is large
enough to prevent overlaps between arriving pedestrians.
Pedestrians were entering the corridor through the left and the right
boundaries in case of bidirectional flow scenario. The corridor boundaries
were sliced into inlets with a width of 0.5 m which is slightly larger than
pedestrian size (i.e., 2ri = 0.4 m), so there are 8 inlets on each boundary.
In each inlet, pedestrians were entering the corridor unassociated with
entering pedestrians in the neighboring inlets. For each entering pedes-
trian, the vertical position was randomly generated based on uniform dis-
tribution within the entering inlet without overlapping with other nearby
pedestrians and boundaries. In effect, pedestrians were inserted at ran-
dom places on either side.
In addition to bidirectional flow scenario, unidirectional flow was also
considered because one can observe different collective patterns of passersby
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that were not observed in the bidirectional flow. In unidirectional flow
scenario, all the pedestrians were entering the corridor through the left
boundary and walking towards the right.
Similar to Study II, pedestrian motions were updated with the social
force model in Equation (3.1). However, the formulation of desired speed
vd in driving force term fi,d was modified in order to provide a better repre-
sentation of pedestrian stopping behavior. Inspired by the previous stud-
ies [16, 89], it was assumed that the desired speed vd is an attainable
speed of pedestrian i depending on the available walking space in front of
the pedestrian,
vd = min{v0, dij/Tc}, (3.12)
where v0 is a comfortable walking speed and dij is the distance between
pedestrian i and the first pedestrian j encountering with pedestrian i in
the course of ~vi. Time-to-collision Tc represents how much time remains
for a collision of two pedestrians i and j. In line with previous studies [54,
76], time-to-collision Tc was estimated by extending current velocities of
pedestrians i and j, vi and vj , from their current positions, xi and xj :
Tc =
β −
√
β2 − αγ
α
, (3.13)
where α = ‖~vi − ~vj‖2, β = (~xi−~xj) · (~vi−~vj), and γ = ‖~xi − ~xj‖2− (ri+ rj)2.
Note that Tc is valid for Tc > 0, meaning that pedestrians i and j are in
a course of collision, whereas Tc < 0 implies the opposite case. If Tc = 0,
disks of pedestrians i and j are in contact.
It was assumed that passersby aim at smoothly bypassing obstacles
while walking towards their destination. Note that passersby in Study III
are the pedestrians who are not interested in the attraction, thus they do
not visit the attraction. Analogously to the potential flow in fluid dynam-
ics [1, 5] and in pedestrian stream model [48], the streamline function
was employed to steer passersby between boundaries of the corridor. The
streamlines represent plausible trajectories of particles smoothly bypass-
ing obstacles, and the partial derivatives of the streamlines can express
the flow velocity components in x- and y-directions for a location z = (x, y).
For passerby flow moving near an attraction, an attendee cluster can act
as an obstacle. It was assumed that passersby set their initial desired
walking direction ~ei,0 along the streamlines. As reported in a previous
study [67], the shape of an attendee cluster near an attraction can be
approximated as a semicircle. By doing so, one can set the streamline
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function ψ for passerby traffic similar to the case of fluid flow around a
circular cylinder in a two dimensional space [1, 5]:
ψ = v0dzA sin(θz)
(
1− rc
dzA
)
, (3.14)
where v0 is the comfortable walking speed and dzA is the distance between
the center of the semicircle A and location z = (x, y). The angle θz was
measured between y = 0 m and ~dzA. The attendee cluster size at time t is
denoted by rc = rc(t). To measure rc, the walking area near the attraction
was sliced into thin layers with the width of a pedestrian size (i.e., 2ri =
0.4 m) in the horizontal direction. From the bottom layer to the top layer,
one can count the number of layers consecutively occupied by attendees.
The attendee cluster size rc was then obtained by multiplying the number
of consecutive layers by the layer width 0.4 m. The initial desired walking
direction ~ei,0 can be obtained as
~ei,0 =
(
∂ψ
∂y
,−∂ψ
∂x
)
. (3.15)
Note that passersby pursue their initial destination, thus their desired
walking direction ~ei is identical to ~ei,0 given in Equation (3.15), i.e, ~ei =
~ei,0.
The repulsive force ~fij was also modified to simulate the motions of at-
tracted pedestrians near an attraction and passersby who do not visit the
attraction. The anisotropic function ωij was included in ~fij in order to
represents pedestrian i’s directional sensitivity to pedestrian j [51]. The
modified repulsive force ~fij is given as
~fij = ωijCp exp
(
−bij
lp
) ‖~dij‖+ ‖~dij − ~yij‖
4bij
(
~dij
‖~dij‖
+
~dij − ~yij
‖~dij − ~yij‖
)
(3.16)
with
ωij = λij + (1− λij)1 + cos φij
2
. (3.17)
Here, 0 ≤ λij ≤ 1 is pedestrian i’s minimum anisotropic strength against
pedestrian j. The angle φij was measured between velocity vector of
pedestrian i, ~vi, and relative location of pedestrian j with respect to pedes-
trian i, ~dji = ~xj − ~xi. In Study III, pedestrians were represented as non-
elastic solid discs in order to mimic pedestrian stopping behavior. Thus,
interpersonal elastic force ~gij compression among pedestrians was not
modeled.
The parameters of the repulsive force terms were given based on previ-
ous works: Cp = 3, lp = 0.3, ∆ts = 2.5, Cb = 6, and lb = 0.3 [42, 51, 66, 67,
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113]. The minimum anisotropic strength λij was set to 0.25 for attendees
near the attraction and 0.5 for others, yielding that the attendees exert
smaller repulsive force on others than passersby do. Consequently, the
attendees can stay closer to the attraction while being less disturbed by
the passersby.
As in Study II, an individual evaluates the joining probability when the
attraction can be seen by the individual 10 m ahead. The joining behav-
ior model was implemented as in Study II, but the average duration of
visiting an attraction td was set to be 30 s. While the influence of td on
pedestrian visiting behavior was one of the main interests in Study II,
Study III focused on the impact of Q and s on passerby traffic flow near
an attraction. Setting up the value of td as 30 s enables one to observe
enough number of passersby and attendees near the attraction. If td is
too small, an attendee cluster might not be observed. On the other hand,
if td is too large, passerby flow might not exist because large td tends to
produce a large attendee cluster which can block the corridor.
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4. Results
4.1 Study I: Collective Dynamics of Attracted Pedestrians
To study collective dynamics of attractive interactions between pedestri-
ans and attractions, the attractive force model presented in Section 3.1
was implemented and examined in Study I. Extensive numerical simu-
lations were performed by controlling relative attraction strength C and
pedestrian density ρ.
One can predict four representative patterns depending on C and ρ.
When ρ is low, three different phases are observed. For small C, pedes-
trians walk to their destinations without being influenced by attractions,
which shows a free flow phase (see Figure 4.1(a)). For intermediate val-
ues of C, the attractive interactions lead to an agglomerate phase where
pedestrians form stable clusters around attractions, as shown in Figure 4.1(b).
When C is strong, one can observe a competitive phase characterized by
pedestrians rushing into attractions and pushing others; see Figure 4.1(c).
If ρ is high, the agglomerate phase is not observed anymore. Instead, the
free moving and competitive phases coexist only for the intermediate at-
tractive interaction (see Figure 4.1(d)).
These collective patterns of pedestrian movements or phases were char-
acterized by introducing the efficiency of motion E and the normalized
kinetic energy K [38] as following:
E =
〈
1
N
N∑
i=1
~vi · ~ei
vd
〉
(4.1)
and
K =
〈
1
N
N∑
i=1
‖~vi‖2
v2d
〉
. (4.2)
Here 〈·〉 represents an average over 60 independent simulation runs after
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Figure 4.1. (color online) Snapshots of numerical simulations for various collective pat-
terns: (a) free moving, (b) agglomerate, (c) competitive phase, and (d) coex-
istence subphase. The attractions, depicted by rectangles, are located on the
walls of the corridor with periodic boundary conditions in the horizontal di-
rection. Blue and red circles depict the pedestrians with desired directions
to the left and to the right, respectively. (e) Phase diagram summarizing the
numerical results. The parameter space of the pedestrian density ρ and the
relative attraction strength C is divided into four regions by means of C0 (◦),
C+ (), and Cmin (×). Here, C0 shows the critical point at which the efficiency
of motion E becomes zero. C+ denotes parameter combination (ρ,C) at which
the normalized kinetic energy K begins to grow from 0 while E = 0. Cmin in-
dicates parameter combination (ρ,C) at which ∂K/∂C > 0 while E > 0.
reaching the stationary state. The efficiency reflects the contribution of
the driving force in the pedestrian motion. If all the pedestrians walk with
their desired velocity, the efficiency becomes 1. On the other hand, the
zero efficiency can be obtained if pedestrians do not move in their desired
directions and form clusters at attractions. The normalized kinetic energy
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has the value of 0 if all the pedestrians do not move, otherwise it has a
positive value.
Based on those macroscopic measures, different phases were identified.
For a given ρ, E decreased according to C, meaning that pedestrians are
more distracted from their desired velocity due to the larger strength of
attractions. Interestingly, E became 0 at a finite value of C = C0(ρ),
indicating the transition from the free moving phase to the agglomerate
phase for low ρ or to the competitive phase for high ρ. As C increased, K
turned to be 0 at the same critical point of C = C0, and then gradually
increased from 0 at C = C+(ρ) with C+ ≥ C0. The boundaries among
different phases were characterized in terms of C0 and C+. For low values
of ρ, the free moving phase for C < C0 was characterized by
E > 0 and K > 0, (4.3)
indicating that kinetic energy of pedestrian motion is mostly used for
progressing towards their destinations. The upper boundary of free flow
phase was identified by C = C0(ρ) at which E becomes 0. For C0 < C <
C+, the agglomerate phase was characterized by
E = K = 0, (4.4)
showing that pedestrians came to a standstill. When C > C+, the com-
petitive phase by
E = 0 and K > 0, (4.5)
reflecting that pedestrians do not walk in their desired directions but still
moving near the attractions. For high values of ρ, however, K decreased
and then increased according to C but without becoming zero. The strik-
ing difference from the case with low ρ is the existence of parameter region
characterized by both
E > 0 and
∂K
∂C
> 0. (4.6)
This implies that some pedestrians rush into attractions as in the com-
petitive phase (i.e., ∂K/∂C > 0), while other pedestrians move in their
desired directions as in the free moving phase (i.e., E > 0). The moving
pedestrians are also attracted by attractions but cannot stay around them
because of interpersonal repulsion effect by other pedestrians closer to at-
tractions. Thus, this parameter region was characterized as a coexistence
subphase. The coexistence subphase belongs to the free moving phase in
the sense that the coexistence subphase was also characterized by E > 0
and K > 0. However, one can identify the lower boundary of coexistence
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subphase by determining Cmin that minimizes K. The upper boundary
to the competitive phase was determined by the critical point C0. It was
found that C0(ρ) is an increasing function of ρ because stronger attrac-
tions are needed to entice more pedestrians. Different phases character-
izing different collective patterns of pedestrians and transitions among
them were summarized in the phase diagram of Figure 4.1(e).
The appearance of various phases in Study I can be explained by the
interplay between attraction strength and interpersonal repulsion effect.
If the pedestrian density is low, one can observe the transition from the
free phase to the agglomerate phase and finally to the competitive phase.
As C increases, pedestrians tend to be more distracted from their veloc-
ity due to the larger strength of attractions, yielding to the appearance
of the agglomerate phase. After the agglomerate phase emerges, further
increasing C leads to competitive phase. In this phase, attracted pedes-
trians jostle each other because of the interpersonal repulsion effect. As
C increases, their jostling behavior becomes more severe because higher
C increases the desire to reaching the attractions, leading to smaller in-
terpersonal distance. Consequently, the interpersonal repulsion effect be-
comes critical. For high pedestrian density, the agglomerate phase does
not appear and the coexistence subphase emerges. The moving pedestri-
ans are also attracted by the attractions but cannot stay around the at-
tractions. This is due to the interpersonal repulsion effect by other pedes-
trians closer to the attractions.
4.2 Study II: Visiting Behavior
In Study II, the pedestrian joining behavior model in Section 3.2 was im-
plemented and numerically studied in order to understand the collective
patterns of pedestrians’ visiting behavior. Note that while pedestrians in
Study I were subject to the same equation of motion, the joining behavior
model in Study II enabled pedestrians to make decisions between walk-
ing in the desired direction and stopping by an attraction. The numeri-
cal simulation results showed different patterns of pedestrian movements
depending on the social influence strength s and the average duration of
visiting an attraction td. If s is weak, one can define an unsaturated phase
where some pedestrians move towards the attraction while others walk in
their desired directions; see Figure 4.2(a). For large values of s, a satu-
rated phase can be defined, in which every pedestrian near the attraction
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Figure 4.2. (color online) Snapshots of numerical simulations for different collective pat-
terns: (a) unsaturated phase and (b) saturated phase. The attraction, de-
picted by an orange rectangle, is located at the center of the lower wall. Filled
red and hollow blue circles depict the pedestrians who have and have not
visited the attraction, respectively. (c) A feasibility zone of effective improve-
ments and an envelope of the saturated phase. The red shaded area depicts
a feasibility zone of the effective improvements characterized in terms of the
marginal benefits. The blue solid line with circle symbols represents the en-
velope of the saturated phase.
is joining or has visited the attraction, as shown in Figure 4.2(b). These
different patterns were characterized by comparing Np and Nv. One can
define Np as the number of pedestrians near the attraction, i.e., within
a range of Ra = 10 m from the center of the attraction, and Nv as the
number of pedestrians near the attraction who have visited the attrac-
tion. Here, a pedestrian is considered as “having visited an attraction” if
one is joining there or one has left the attraction after having stayed there
for td. The saturated phase was characterized by
Nv = Np, (4.7)
indicating that all the pedestrians near the attraction have visited the
attraction. On the other hand, the unsaturated phase was characterized
57
Results
by
Nv < Np, (4.8)
where some pedestrians have visited the attraction while others walk in
their desired directions.
In addition to describing observed visiting patterns, two marginal ben-
efits of facility improvements were also evaluated to reflect the change
in Nv. It was assumed that facility improvements can be achieved by ei-
ther increasing the social influence strength s or the average duration of
visiting an attraction td. Accordingly, the marginal benefits were calcu-
lated as the first derivate of Nv with respect to s and td, respectively. If
the marginal benefits are significant, the corresponding parameter region
of s and td is denoted by a feasibility zone of the effective improvements.
That is, higher increase of Nv is expected with smaller increase of s and
td. Other than the feasibility zone, the impact of changing these variables
are insignificant. Figure 4.2(c) summarizes the finding in Study II.
As can be seen from Figure 4.2(c), the parameter space of s and td was
divided into two regions according to the value of Nv. For each value of
td > 43 s, Nv increases as s increases, and then finally reaches Np at a crit-
ical value of s, i.e., sc. This indicates the transition from the unsaturated
phase to the saturated phase. For the region of td < 43 s, Nv increases as s
grows but does not reach to its maximum allowed value even for the large
values of s. The average duration of visiting an attraction td is not long
enough, so it fails to obtain sufficient amount of visitors. One can also
observe that sc substantially decreases for td ≤ 120 s and appears to stay
around 0.2 when td is larger than 180 s. It is reasonable to suppose that
the departure rate of attending pedestrians is positively associated with
the reciprocal of td while the arrival rate of joining pedestrians is linked to
s. Accordingly, one can infer that the impact of the departure rate on Nv
is dominated by that of the arrival rate when td is large, so the marginal
impact of increasing td becomes less notable for larger td.
4.3 Study III: Jamming Transitions Induced by an Attraction
Study III investigated jamming transitions in pedestrian flow interact-
ing with an attraction by means of numerical simulations. Similar to
Study II, the simulation model was mainly based on the social force model
presented in Chapter 3 for pedestrian motions and the probability of join-
ing an attraction presented. In order to provide a better representation
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Figure 4.3. (color online) Representative snapshots of different passerby flow patterns
in unidirectional flow: (a) free flow phase, (b) localized jam phase, and (c)
extended jam phase. The attraction, depicted by an orange rectangle, is lo-
cated at the center of the lower wall with open boundary conditions in the
horizontal direction. Passersby walking from the left to the right are indi-
cated by filled black circles. Hollow red circles depict pedestrians attracted
by the attraction. (d) Phase diagram summarizing the numerical results of
unidirectional flow. Here, ‘free’, ‘loc’, and ‘ext’ indicate the free flow phase,
the localized jam phase, and the extended jam phase, respectively. Note that
P/s stands for pedestrians per second, being the unit of pedestrian flux Q.
of pedestrian stopping behavior, formulations of the desired speed vd and
desired walking direction vector ei were further improved as presented in
Section 3.3. By controlling pedestrian influx Q and the social influence
parameter s, various pedestrian flow patterns were observed in unidirec-
tional and bidirectional flow scenarios. Again, note that the unit of Q is
indicated by P/s, which stands for pedestrians per second.
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4.3.1 Unidirectional Flow
In unidirectional flow, a free flow phase was defined for small Q and s,
see Figure 4.3(a). A localized jam phase appeared in the vicinity of the
attraction for medium and high Q with the intermediate range of s, as
can be seen from Figure 4.3(b). Passersby walked slowly near the attrac-
tion because of the reduced walking area, and then they recovered their
speed after they walked away from the attraction. One can observe that
pedestrians walking away from the attraction tend to form lanes. This is
possible because the standard deviation of speed among the walking away
pedestrians is not significant after the pedestrians recover their speed.
According to the study of Moussaïd et al. [75], the formation of pedestrian
lanes is stable when pedestrians are walking at nearly the same speed.
Once the walking away pedestrians form lanes, the lanes are not likely
to collapse. An extended jam phase was observed when both Q and s
were large. In the extended jam phase, the pedestrian queue was growing
towards the left boundary and the queue was persisting for a long pe-
riod of time; see Figure 4.3(c). The attendee cluster did not maintain its
semi-circular shape anymore. This seems to be because passersby seized
up the attracted pedestrians. Meanwhile, pedestrians in the queue still
could slowly walk towards the right side of the corridor as they initially
intended. When Q and s were very large, the extended jam phase could
end up in a freezing phenomenon with a certain probability, indicating
that passersby could not proceed beyond the attraction due to the clog-
ging effect. Some passersby were pushed out towards the attraction by
the attracted pedestrians and inevitably they prevented attracted pedes-
trians from joining the attraction. Consequently, the attracted pedestri-
ans could not approach the boundary of the attendee cluster although they
kept their walking direction towards the attraction. Simultaneously, the
passersby near the attraction attempted to walk away from the attraction,
but they could not because they were blocked by the attracted pedestri-
ans. Eventually, the pedestrian movements near the attraction came to a
halt.
Based on observations presented in Figures 4.3(a) to 4.3(c), different
passerby flow patterns were characterized in terms of stationary state
average of local efficiency, E(x):
E(x) = 〈E(x, t)〉 =
〈
1
|Np(x, t)|
∑
i∈Np(x,t)
Ei
〉
, (4.9)
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where 〈·〉 represents the average obtained from 50 independent simula-
tion runs after reaching the stationary state. The individual efficiency
of motion Ei = (~vi · ~ei,0)/v0 can be understood as a normalized speed of
pedestrian i in the horizontal direction. The local efficiency E(x, t) indi-
cates how fast passersby in segment x progress towards their destination
at time t. The set Np(x, t) is the collection of passersby in a 1 m long seg-
ment x at time t, and |Np(x, t)| is the cardinality of the set Np(x, t). If
|Np(x, t)| = 0, E(x, t) was set to be 1 inferring that a passerby can walk
with comfortable speed v0 if the passerby is in the segment x at time t.
When E(x) = 1, the passersby can freely walk without reducing their
speed. In contrast, E(x) = 0 implies that the passersby have reached a
standstill.
A section of 27 m ≤ x ≤ 33 m was selected to evaluate the stationary
state average value in the vicinity of the attraction, and the minimum
value of E(x) was denoted by Ea. Likewise, a section of 12 m ≤ x ≤ 18 m
was selected for upstream of the attraction, and the minimum value of
E(x) in the section was indicated by Eup. For small values of s, the free
flow phase was characterized by
Ea ≈ 1 and Eup ≈ 1. (4.10)
Likewise, the localized jam phase was characterized by
0 < Ea < 1 and Eup ≈ 1. (4.11)
When Q and s were large, the extended jam phase was characterized by
0 ≤ Ea < 1 and 0 ≤ Eup < 1. (4.12)
Figure 4.3(d) summarizes numerical results by dividing the parameter
space of Q and s into different phases. Note that, in extended jam phase,
one can observe the freezing phenomena with a certain probability.
4.3.2 Bidirectional Flow
In bidirectional flow, the free flow phase appeared when Q was small with
weak s, similar to the case of the unidirectional flow scenario. From Fig-
ure 4.4(a), one can observe that passersby walk towards their destina-
tions without being interrupted by the cluster of attracted pedestrians.
Passersby walking to the right formed lines in the lower part of the corri-
dor while the upper part of the corridor was occupied by passersby walk-
ing to the left. This spatial segregation appeared as a result of lane forma-
tion process which has been reported in previous studies [26, 42, 65, 115].
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Figure 4.4. (color online) Representative snapshots of different passerby flow patterns in
bidirectional flow: (a) free flow phase and (b) freezing phase. The attraction,
depicted by an orange rectangle, is located at the center of the lower wall with
open boundary conditions in the horizontal direction. Filled black and green
circles indicate passersby walking to the right and to the left, respectively.
Hollow red circles depict pedestrians attracted by the attraction. (c) Phase
diagram summarizing the numerical results of bidirectional flow. Here, ‘free’,
‘freezing’, and ‘co’ indicate the free flow phase, the freezing phase, and the
coexisting phase, respectively.
At the same time, the attracted pedestrians formed a cluster in a semi-
circular shape near the attraction. If Q and s were large, a freezing
phase was observed. In the freezing phase, oppositely walking pedestri-
ans reached a complete stop because they blocked each other, as shown in
Figure 4.4(b).
One can identify the freezing phase by means of cumulative through-
put at x = 30 m, according to Reference [20]. The cumulative through-
put at time t is calculated by summing the number of passersby walking
through x = 30 m from the beginning of the numerical simulation to time
t. If the cumulative throughput does not change for 120 s, it infers the
appearance of the freezing phenomenon. The freezing probability Pf was
obtained by counting the occurrence of freezing phenomena over 50 in-
dependent simulation runs for each parameter combination (Q, s). For
small value of Q ≤ 1.4 P/s, Pf is zero up to s = 2, indicating that the freez-
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ing phenomenon is not observable. Parameter combinations of (Q, s) was
categorized as the free flow phase if
Pf = 0, (4.13)
yielding Ea ≈ 1. The freezing phase was characterized by
Pf = 1 (4.14)
always showing Ea = 0. In addition, one can define a coexisting phase
for parameter space between envelopes of Pf = 0 and Pf = 1. In the co-
existing phase, either free flow or freezing phenomena can be observed
depending on random seeds in the numerical simulations. That was char-
acterized by
0 < Pf < 1. (4.15)
Figure 4.4(c) summarizes numerical results of bidirectional flow. In the co-
existing phase, one can observe freezing phenomena with a certain prob-
ability.
4.3.3 Microscopic Understanding of Jamming Transitions
While previous subsections focused on describing collective patterns of
various jam patterns, this subsection presents the appearance of such
different patterns at the individual level in a unified way. The conflicts
among pedestrians were closely looked into in order to understand the
individual level behavior. Similar to previous studies [60, 85], a con-
flict index was employed to measure the average number of conflicts per
passerby. When two pedestrians are in contact and hinder each other,
this situation is called a conflict. The number of conflicts Nc,i(t) was eval-
uated by counting the number of pedestrians who hinder the progress of
passerby i at time t. In numerical simulations of Study III, most conflicts
appeared near the attraction; therefore, one can calculate the conflict in-
dex for pedestrians in location x such that 25 m ≤ x ≤ 35 m. The conflict
index was measured as
nc(t) =
1
|Np(A, t)|
∑
i∈Np(A,t)
Nc,i(t), (4.16)
where Np(A, t) is the set of passersby in the section of 25 m ≤ x ≤ 35 m at
time t and |Np(A, t)| is the cardinality of the set Np(A, t).
The representative time series of conflict index nc(t) is presented in Fig-
ure 4.5. As can be seen from Figure 4.5(a), a sharp increase of the conflict
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Figure 4.5. (Color online) Representative time series of conflict index nc(t) (a) freezing
phase in bidirectional flow with Q = 4 P/s and s = 1. (b) localized jam
phase in unidirectional flow with Q = 5 P/s and s = 1. (c) extended jam
phase in unidirectional flow with Q = 5 P/s and s = 1.8. (d) same parameter
combination (Q, s) as (c), but with a different set of random seeds.
index indicates the appearance of the freezing phenomenon, which leads
the pedestrian flow into the freezing phase. In Figure 4.5(b), the conflict
index increases and then decreases in the course of time. One can ob-
serve the localized jam phase in which the jam near the attraction does
not further grow upstream. Figures 4.5(c) and 4.5(d) were generated with
the same parameter combination (Q, s) = (5, 1.8) in unidirectional flow
but with different sets of random seeds. As shown in Figure 4.5(c), in the
extended jam phase, the conflict index nc(t) is maintained near a certain
level after reaching the stationary state, indicating the persistent jam in
the corridor. In Figure 4.5(d), the behavior of nc(t) curve is similar to that
of the extended jam phase in the beginning, but the curve abruptly in-
creases at near t = 600 s. That is, the pedestrian flow eventually ends up
in a freezing phenomenon in that conflicting pedestrians fail to coordinate
their movements.
In both bidirectional and unidirectional flows, attracted pedestrians of-
ten trigger conflicts among pedestrians. When the attracted pedestrians
are walking towards the attraction, sometimes they cross the paths of
passersby and hinder their walking. Furthermore, such crossing behav-
ior of attracted pedestrians makes others change their walking directions
due to the interpersonal repulsion, possibly giving rise to conflicts among
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the others. Once a couple of pedestrians hinder each other, they need
some time and space to resolve the conflict by adjusting their walking di-
rections. If there is not enough space for the pedestrian movement, the
conflict situation cannot be resolved and it turns into a blockage in the
pedestrian flow. Under higher pedestrian flux Q, conflicting pedestrians
likely have less time for resolving the conflict while additional pedestri-
ans arrive behind the blockage. Once the arriving pedestrians stand be-
hind the blockage, the number of conflicts among pedestrians is rapidly
increasing as indicated in Figures 4.5(a) and 4.5(d). In the case of the
bidirectional flow, this freezing phenomenon is similar to the freezing-by-
heating phenomenon [38]. However, note that the freezing phenomenon
in the numerical simulations is caused by attracted pedestrians without
noise terms in the equation of motion.
4.3.4 Attendee Cluster as a Dynamic Bottleneck
As presented in previous subsections, the attendee cluster is acting as a
pedestrian bottleneck for passersby. This finding is consistent with the
description suggested by Goffman [30]. The flow through the bottleneck
can show transitions from the free flow state to the jamming state and
may end in gridlock. In the bidirectional flow, the free flow phase can turn
into the freezing phase if Q and s are large. Jamming transitions in the
unidirectional flow are different from those of the bidirectional flow: from
the free flow phase to the localized jam phase, and then to the extended
jam phase. In addition, it is possible that the extended jam phase ends
up in freezing phenomena for large Q and s. Although different jamming
transitions were observed for uni- and bi-directional flow scenarios, an
attendee cluster can be conceptualized as a dynamic bottleneck in the
sense that its size changes over time according to the joining behavior of
attracted pedestrians. One might assume that an attendee cluster can be
approximated as a static bottleneck which is at a fixed location and whose
size does not change over time. Readers can find representative studies
on static bottlenecks from Hoogendoorn and Daamen [44] and Seyfried et
al. [97]. However, the assumption of the static bottleneck cannot reflect
the fluctuating attendee cluster size, which arises from the interactions
among the attraction, attracted pedestrians, and passersby.
In order to understand the influence of the attendee cluster size on jam-
ming transitions, numerical simulations were performed with a static bot-
tleneck. In this case, all the pedestrians were modeled as passersby. In
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Figure 4.6. (Color online) Dependence of various measures on a stationary state average
of cluster size 〈rc〉 for pedestrian influx Q = 5 P/s. The results of a static bot-
tleneck and an attendee cluster are denoted by ◦ and ×, respectively. Arrows
indicate the direction of increasing s, for the results of the attendee cluster.
(a) Freezing probability Pf for bidirectional flow indicating the appearance
of freezing phase (b) local efficiency near the attraction Ea for unidirectional
flow reflecting the onset of localized jam phase, and (c) local efficiency up-
stream Eup for unidirectional flow, which is relevant to extended jam phase.
doing so, one can exclude the interactions among passersby and atten-
dees, thereby focusing on the influence of reduced available space. For
the comparison, a stationary state average of cluster size 〈rc〉 was used
because the attendee cluster size changes in the course of time but the
size of the static bottleneck is constant. In the case of a static bottleneck,
the notation of 〈rc〉 was also used for convenience. A semicircle with ra-
dius 〈rc〉 was placed at the center of the lower corridor boundary, acting
as a static bottleneck. By changing 〈rc〉, one can observe the behavior of
various measures including Pf , Ea, and Eup (see Figure 4.6).
It was obvious that larger 〈rc〉 led to higher freezing probability Pf for
the bidirectional flow, as shown in Figure 4.6(a). However, Pf of the at-
tendee cluster case was higher than that of the static bottleneck for a
given value of 〈rc〉. While Ea and Eup curves obtained from the static
bottleneck case showed a clear dependence on 〈rc〉, those from attendee
cluster did not show clear tendency when 〈rc〉 > 1.5 m (see Figures 4.6(b)
and 4.6(c)). Although increasing 〈rc〉 evidently led to a localized jam tran-
sition, it can be suggested that conflicts among pedestrians play an im-
portant role in jamming transitions if 〈rc〉 is large enough. It can, there-
fore, be said that the attendee cluster acts as a dynamic bottleneck that
behaves qualitatively different than the static bottleneck in terms of jam-
ming transitions.
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5. Conclusions and Discussions
5.1 Summary
This dissertation aimed at studying collective dynamics of pedestrians in-
teracting with attractions. The dissertation topic was investigated based
on three research questions presented in Section 1.2:
(RQ1) how do collective patterns of pedestrian motions emerge from
the attractive interactions between pedestrians and attractions?
(RQ2) how can social influence on one’s choice behavior shape the
collective patterns of pedestrians’ visiting behavior?
(RQ3) how can pedestrian flow interacting with an attraction result
in pedestrian jams?
In other words, RQ1 mainly focused on the formation of attendees near
attractions, and RQ2 paid particular attention to collective visiting pat-
terns when individual choice behavior is likely influenced by others. RQ3
devoted to pedestrian jamming transitions induced by an attraction.
In order to address the research questions, microscopic pedestrian mod-
els were extended by incorporating the attractive interactions between
pedestrians and attractions, and implemented in numerical simulations.
After performing the numerical simulations, various collective patterns
were identified and summarized in phase diagrams based on macroscopic
measures. By doing so, this dissertation investigated the dynamics of
pedestrian flow interacting with attractions from the perspective of at-
tracted pedestrians and passersby.
In line with RQ1, Study I addressed collective effects of attractive in-
teractions between pedestrians and attractions by means of numerical
simulations. In order to do that, the attractive interactions were modeled
[see Equation (3.5)] and appended to the social force model [see Equa-
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tion (3.6)]. By means of numerical simulations, the attractive interactions
were examined by controlling the attractive interaction strength and the
pedestrian density. The interactions led pedestrians to form stable clus-
ters around attractions, or even to rush into attractions if the interaction
becomes stronger. In this case, the attracted pedestrians tended to push
each other because of the interpersonal repulsion effect. It was also found
that for high pedestrian density and intermediate interaction strength,
some pedestrians rush into attractions while others move to neighboring
attractions. The moving pedestrians were also attracted by the attrac-
tions but cannot stay around the attraction. This is due to the inter-
personal repulsion effect by other pedestrians closer to the attractions.
These collective patterns of pedestrian movements or phases and transi-
tions between them were systematically presented in a phase diagram,
see Figure 4.1(e).
With reference to RQ2, Study II investigated the social influence on
collective visiting behavior by developing a joining probability model as
shown in Equation (3.10). The joining probability was formulated as a
function of social influence from others, reflecting that individual choice
behavior is likely influenced by others. Numerical simulations produced
different patterns of pedestrian behavior depending on the strength of the
social influence and the average duration of visiting an attraction. When
the social influence was strong along with a long duration of visiting an
attraction, the saturated phase was defined at which all the pedestrians
have visited the attraction. If the social influence was not strong enough,
the unsaturated phase appeared where one can observe that some pedes-
trians head for the attraction while others walk in their desired direction.
These collective patterns of pedestrian behavior were summarized in a
phase diagram [see Figure 4.2(c)] by comparing the number of pedestri-
ans who have visited the attraction to the number of pedestrians near
the attraction. One can identify under what conditions enhancing the
social influence strength and the average duration of visiting an attrac-
tion would be effective by measuring the marginal benefits with respect
to those parameters.
Motivated by RQ3, Study III numerically studied jamming transitions
in pedestrian flow interacting with an attraction, mostly based on the
social force model for pedestrians who can join the attraction. Various
pedestrian flow patterns were observed by controlling pedestrian influx
and the social influence parameter. For bidirectional flow scenario, one
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could observe a transition from the free flow phase to the freezing phase
in which oppositely walking pedestrians reach a complete stop and block
each other. On the other hand, a different transition behavior appeared
in the unidirectional flow scenario, i.e., from the free flow phase to the
localized jam phase, and then to the extended jam phase. It was also ob-
served that the extended jam phase could end up in freezing phenomena
with a certain probability when pedestrian flux was high with strong so-
cial influence. Study III highlighted that attractive interactions between
pedestrians and an attraction could lead to jamming transitions due to
the conflicts among pedestrians near the attraction.
5.2 Contributions
This dissertation contributes to the current body of knowledge on the
collective behavior of pedestrian motions. This is achieved by modeling
their dynamics interacting with attractions and providing possible expla-
nations of the collective patterns. The contributions of this dissertation
are further stated in three folds.
In Study I, the attractive force model was developed based on the idea
of “short-range strong repulsive and long-range weak attractive interac-
tions [22, 74].” While previous studies [22, 74] developed attractive inter-
action models for interacting self-propelled particles, Study I presented
an attractive interaction model for pedestrians interacting with attrac-
tions. The presented model demonstrated that the social force models
can be extended to predict various collective behaviors associated with at-
tractions. The appearance of various collective patterns was explained by
the interplay between attraction strength and interpersonal repulsion ef-
fect. Interestingly, despite its simple formulation, the presented model
can provide a plausible explanation of extreme pedestrian behavior in
stores, such as Black Friday incidents in the United States.
In Study II, the joining probability model was developed in line with
selective attention [31, 108] and social influence [6, 14, 27, 53, 72]. Pre-
vious studies [27, 72] reported that the joining probability increases as
the stimulus group size grows. The presented joining probability model
in Study II was developed by incorporating with social influence parame-
ter and duration of visiting an attraction that were not considered in the
previous studies. The numerical simulation results showed different pat-
terns of collective visiting behavior: unsaturated and saturated phases.
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The appearance of the saturated phase was explained by an interplay be-
tween social influence strength and the average duration of visiting an
attraction.
Study III characterized the dynamics of pedestrian jams induced by the
attraction. By describing pedestrian conflicts at a microscopic level, it
was highlighted that attractive interactions between pedestrians and an
attraction could trigger jamming transitions by increasing the number of
conflicts among pedestrians near the attraction. Therefore, it is suggested
that existence of an attraction acts similar to a noise term in an equa-
tion of particle motions [38], which leads to freezing phenomena in the
pedestrian flow. Furthermore, an attendee cluster near an attraction was
conceptualized as a dynamic bottleneck and identified that a dynamic bot-
tleneck behaves qualitatively different than the static bottleneck in terms
of jamming transitions.
The findings presented in this dissertation can provide an insight into
pedestrian flow patterns in stores and pedestrian facility management
strategies. Numerical simulation results imply that safe and efficient use
of pedestrian facilities can be achieved by moderating the control vari-
ables. For instance, findings from Study II suggest that increasing social
influence strength s and the average duration of visiting an attraction td
is not effective all the time, especially when these variables are already
high enough. Increasing relative attraction strength C and pedestrian
density ρ can even lead to extreme and dangerous situations such as the
competitive phase in Study I. Likewise, increasing pedestrian influx Q
and social influence strength s yields undesirable situations, like freezing
phenomena in Study III, in terms of pedestrian safety and efficiency.
5.3 Limitations
Although the presented models were developed based on analogies with
self-propelled particles [74, 105] and findings in behavioral science stud-
ies [27, 72], numerical simulation results were not compared against field
observations yet. For the place where impulse stops are significant, the
presented model in Study I can be tested and parameters in the attractive
force model (i.e., Ca, Cr, la, and lr) need to be measured from field obser-
vations. For the joining behavior model in Studies II and III, the average
duration of visiting an attraction td can be measured for attendees near an
attraction and then social influence parameter s can be predicted based
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on the number of pedestrians having visited the attraction. The predicted
value of s can be utilized to test various scenarios.
In this dissertation, simple scenarios of pedestrian flow in a straight cor-
ridor have been focused in order to study essential features of collective
pedestrian dynamics interacting with attractions. Although a straight
corridor can be assumed as a basic element of pedestrian facilities, some
pedestrian flow scenarios such as crossings at intersections and multi-
directional flows in open space cannot be covered by the presented results
of the numerical simulations. Therefore, suitable modifications and exten-
sions are required to apply the presented models to real world examples.
For simplicity, it was assumed that the pedestrians in numerical sim-
ulations did not change their decision after they decided what they were
going to do. However, pedestrians in the real world can change their de-
cision as a response to the situations around them. A pedestrian, who
decides to join an attraction, can change one’s mind after realizing that
there are too many attendees near the attraction. Modeling and imple-
menting such decision changing behavior can be an important extension
of the presented models.
5.4 Future Work
The presented models can be further improved and extended. The at-
tractive force model in Study I was developed in line with the social force
model and predicted various collective patterns arising from the attractive
interactions between pedestrians and attractions. However, the presented
model appears to be valid only for the social force model. Although the so-
cial force model and other force-based models have well explained various
collective patterns, it has been pointed out that the force-based models are
complicated and a careful implementation is required in order to avoid the
pitfalls [17, 63, 64]. Chraibi et al. [16] remarked that velocity-based mod-
els are gaining more attention among researchers because of their sim-
plicity. Developing attractive interaction model for velocity-based models
can be a topic for future work.
The collective phenomena predicted in Study I can be compared against
field observations. In Study I, it was assumed that all the pedestrians
were subject to the same attractive interactions. A future study might
explore trajectory data of pedestrians fighting over merchandise during
shopping holidays like Black Friday. In that case, pedestrians are likely
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to behave in the same way near an attraction, similar to the setup of nu-
merical simulations in Study I. However, one can easily observe that an
attraction is not always attractive for everyone. For instance, in a mu-
seum, some visitors are watching a portrait because they are interested
in it while others pass by it and see other artworks. Consequently, veri-
fication of Study I can be performed for pedestrians attracted by attrac-
tions, inferring that those pedestrians are subject to the same attractive
interaction. Attracted pedestrian behavior near artworks in museums
and shop displays in shopping malls can be studied based on observed
trajectories and velocity field. Note that the presented model in Study I
predicts pedestrian behavior under the influence of attractions for a short
period, mainly focusing on momentary response to the attractions.
The joining behavior model in Study II can be formulated in different
forms. The presented joining behavior model was developed based on the
idea of behavioral contagion, inferring that an individual tends to follow
what others do [27, 72]. Although the assumption of behavioral contagion
has been widely applied especially in pedestrian evacuation studies [37],
the assumption has been questioned. Haghani and Sarvi [32] reported
that evacuees showed congestion avoidance behavior in emergency evac-
uations especially when evacuees were well aware of the situations near
exits. That is, the behavioral contagion is not always useful for explaining
pedestrian joining behavior. If there are too many attendees near an at-
traction, the attraction is not necessarily attractive for every pedestrian
near the attraction. For some pedestrians, seeing too many attendees can
decrease the probability of joining the attraction. In future studies, the
congestion avoidance behavior can be incorporated in the joining behavior
model. In addition, the joining behavior model can be extended in order to
take into account various characteristics of pedestrians and attractions by
adding additional behavioral features, such as the explicit representation
of group behaviors [114] and interest function [58]. One can postulate
that pedestrians have time budget, so they evaluate the attractiveness
and the cost of time due to joining the attractions. Heterogeneous prop-
erties of pedestrian joining behavior can be considered in terms of the
congestion avoidance behavior, group behaviors, interest functions, and
the cost of time.
In future studies, the presented joining behavior model can be verified
against empirical observations. It was assumed that the joining proba-
bility grew as the number of attendees increased and the pedestrians de-
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cided to join the attraction 10 m ahead of it. In order to obtain naturalistic
movement of pedestrians near attractions, it is desirable to obtain video
recordings of public areas like shopping malls. Pedestrian trajectories
need to be extracted from the video recordings. The extracted trajecto-
ries can be used for estimating the distance between pedestrians and at-
tractions, and for identifying decision moments at which pedestrians sud-
denly change their walking direction. Based on the decision moments, one
can understand when and where pedestrians decide to join the attraction.
From the video recordings, the number of attendees near attractions and
passersby can be counted and the joining probability can be measured for
different attendee size at various places and time. One can discover the
relationship between the joining probability and the number of attendees
near the attractions. If the joining probability increases as the number
of attendees grows, one can say that the assumption of behavioral con-
tagion is observable. On the other hand, if a decreasing trend of joining
probability against the number of attendees is observed, the congestion
avoidance behavior might exist. In addition, the duration of visiting an
attraction was assumed to follow an exponential distribution. The dura-
tion of visiting each attraction can be measured for each attendee, so its
distribution can be identified. The evacuation exit choice models [32, 107]
can be extended and modified for verifying assumptions of the presented
joining probability model.
A natural progression of Study III is to analyze the numerical simula-
tion results from the perspective of capacity estimation. Capacity esti-
mation can focus on the optimal capacity, balancing the mobility needs
for passersby and the activity needs for attracted pedestrians. One can
explicitly consider the capacity of the attractions, meaning that only a
certain number of attendees can stay near the attractions. The concept of
stochastic capacity [28, 56, 73] can also be studied based on the findings
of Study III. In Study III, for some parameter values, speed breakdown is
observed depending on random seeds, inferring that capacity might follow
a probability distribution.
Future extensions of Study III can be planned from the perspective of
pedestrian flow experiments. Although the joining behavior presented in
this study might not be controlled in experimental studies, the experi-
ments can be performed for different levels of pedestrian flux and joining
probability. The number of passersby and pedestrians joining the attrac-
tion, and their trajectories with velocity vectors need to be collected from
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future pedestrian experiments. For various experiment configurations,
the number of conflicts among pedestrians can be measured and the in-
fluence of the conflicts on pedestrian jams can be analyzed.
In this dissertation, the parameter values used in numerical simula-
tions were in a limited range. Although the selected parameter values
produced interesting collective phenomena, performing additional numer-
ical simulations with a larger set of their values might yield more findings
that are interesting. It is noted that the shape of phase diagrams pre-
sented in the dissertation can be changed for different parameter values
and numerical simulation settings such as corridor width and the number
of attractions. Changing numerical simulation parameters might show
the appearance of different collective patterns of pedestrian motions.
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In order to investigate collective effects of interactions between pedestrians and attractions, this
study extends the social force model. Such interactions lead pedestrians to form stable clusters
around attractions, or even to rush into attractions if the interaction becomes stronger. It is also
found that for high pedestrian density and intermediate interaction strength, some pedestrians rush
into attractions while others move to neighboring attractions. These collective patterns of pedestrian
movements or phases and transitions between them are systematically presented in a phase diagram.
The results suggest that safe and efficient use of pedestrian areas can be achieved by moderating
the pedestrian density and the strength of attractive interaction, for example, in order to avoid
situations involving extreme desire for limited resources.
PACS numbers: 89.40.-a, 89.65.-s, 05.65.+b
I. INTRODUCTION
Collective patterns of pedestrian movements have re-
ceived increasing attention from various fields including
physics [1], transportation engineering [2], and marketing
[3]. In an attempt to understand mechanisms underly-
ing collective patterns, different microscopic pedestrian
behavior models have been proposed, such as cellular au-
tomata (CA) [4,5], social force models [68], and centrifu-
gal force models [9,10]. Among these models, the so-
cial force model has produced promising results in that
the model embodies behavioral elements and physical
forces. The original model and its variants have success-
fully demonstrated various interesting phenomena such
as lane formation [6], bottleneck oscillation [6], and tur-
bulent movement [11]. Such self-organized patterns could
be understood to some extent by considering mainly re-
pulsive interactions among pedestrians.
Collective patterns of pedestrian movements have re-
ceived increasing attention from various fields including
physics [1], transportation engineering [2], and market-
ing [3]. In an attempt to understand mechanisms under-
lying collective patterns, different microscopic pedestrian
behavior models have been proposed, such as cellular au-
tomata (CA) [4, 5], social force models [6–8], and cen-
trifugal force models [9, 10]. Among these models, the
social force model has produced promising results in that
the model embodies behavioral elements and physical
forces. The original model and its variants have success-
fully demonstrated various interesting phenomena such
as lane formation [6], bottleneck oscillation [6], and tur-
bulent movement [11]. Such self-organized patterns could
be understood to some extent by considering mainly re-
pulsive interactions among pedestrians.
In addition to the repulsive interactions, the effect of
attractive interactions also has been investigated, which
∗ jaeyoung.kwak@aalto.fi
was first introduced by Helbing and Molna´r [6]. For ex-
ample, Xu and Duh [12] simulated bonding effects of
pedestrian groups and evaluated their impacts on pedes-
trian flows. In another study, Moussa¨ıd et al. [13] an-
alyzed attractive interactions among pedestrian group
members and their spatial patterns.
Although several studies focused on attractive interac-
tions among pedestrians, little attention has been paid
to the attractive interactions between pedestrians and
attractions. While walking to the destinations, pedestri-
ans can be influenced by unexpected attractions such as
window displays and street performances. If the attrac-
tive force between pedestrians and attractions is strong
enough, pedestrians may stop walking to destinations
and join attractions, namely impulse stops [14, 15]. For
instance, museum managers have concerned with stop
patterns of visitors because impulse stops in museums ini-
tiate contacts between visitors and museum displays [16].
Thus, architects have proposed various museum layouts
in order to motivate visitors to have contact with more
museum displays [17]. In the marketing area, since im-
pulse stops in stores may result in unplanned purchases,
marketing strategies have focused on exposing consumers
to more merchandise and encouraging them to stop to
buy [18]. Understanding such impulse stops can support
effective design and management of pedestrian facilities.
In order to examine the collective effects of attractive
interactions between pedestrians and attractions, this
study extends the social force model by incorporating
the attractive interactions. The extended social force
model reproduces various collective patterns of pedes-
trian movements or phases, depending on the strength of
attractive interaction and the pedestrian density. These
phases are systematically presented in a phase diagram.
This paper is organized as follows. The extended so-
cial force model is described in Sec. II, and its numerical
simulation results are presented in terms of a phase dia-
gram in Sec. III. Finally, Sec. IV summarizes the results
with concluding remarks.
2II. MODEL
The social force model [6] describes the pedestrian
movements in terms of the superposition of driving, re-
pulsive, and attractive force terms, analogously to self-
propelled particle models [19–22]. Each pedestrian i is
modeled as a circle with radius ri in a two-dimensional
space. The position and velocity of each pedestrian i at
time t, denoted by ~xi(t) and ~vi(t), evolve according to
the following equations:
d~xi(t)
dt
= ~vi(t) (1)
and
d~vi(t)
dt
= ~fi,d +
∑
j 6=i
~fij +
∑
B
~fiB +
∑
A
~fiA. (2)
Here the driving force ~fi,d describes the pedestrian i ac-
celerating to reach its destination. The repulsive force
between pedestrians i and j, ~fij , denotes the tendency of
pedestrians to keep a certain distance from each other.
The repulsive force from boundaries ~fiB shows the in-
teraction between pedestrians and boundaries, e.g., wall
and obstacles. The attractive force ~fiA indicates pedes-
trian movements toward attractive stimuli, e.g., window
displays and museum exhibits.
The driving force ~fi,d is given as
~fi,d =
vd~ei − ~vi(t)
τ
, (3)
where vd is the desired speed and ~ei is an unit vector for
the desired direction, independent of the position of the
pedestrian i. The relaxation time τ controls how fast the
pedestrian i adapts its velocity to the desired velocity.
The repulsive force between pedestrians i and j, denoted
by ~fij , is the sum of the gradient of repulsive potential
with respect to ~dij ≡ ~xj − ~xi, and the friction force, ~gij :
~fij = −∇~dijV (bij) + ~gij . (4)
The repulsive potential is given as
V (bij) = Cplp exp
(
−bij
lp
)
(5)
bij =
1
2
√
(‖~dij‖+ ‖~dij − ~yij‖)2 − ‖~yij‖2, (6)
where Cp and lp denote the strength and the range of re-
pulsive interaction between pedestrians. bij denotes the
effective distance between pedestrians i and j by consid-
ering their relative displacement ~yij ≡ (~vj − ~vi)∆t with
the stride time ∆t [23]. The interpersonal friction ~gij be-
comes effective when the distance dij = ‖~dij‖ is smaller
than the sum rij = ri + rj of their radii ri and rj :
~gij = h(rij − dij)
{
kn~eij + kt[(~vj − ~vi) · ~tij ]~tij
}
, (7)
where kn and kt are the normal and tangential elastic
constants. ~eij is an unit vector pointing from pedestrian
j to i and ~tij is an unit vector perpendicular to ~eij . The
function h(x) yields x if x > 0, while it gives 0 if x ≤ 0.
The repulsive force from boundaries is
~fiB = Cb exp
(
−diB
lb
)
~eiB , (8)
where diB is the perpendicular distance between pedes-
trian i and wall, and ~eiB is the unit vector pointing
from the wall B to the pedestrian i. Cb and lb denote
the strength and the range of repulsive interaction from
boundaries.
The attractive force toward attractions is modeled sim-
ilarly to the interaction between pedestrians and the wall,
but in terms of both attractive and repulsive interactions.
The repulsive effect of attractions is necessary so that
pedestrians can keep certain distance from attractions.
The strength and range of attractive force are modeled
as [20, 21]
~fiA =
[
Cr exp
(
ri − diA
lr
)
− Ca exp
(
ri − diA
la
)]
~eiA.(9)
Here Ca and la denote the strength and the range of
attractive interaction toward attractions, respectively.
Similarly, Cr and lr denote the strength and the range of
repulsive interaction from attractions. diA is the distance
between pedestrian i and attraction A. ~eiA is the unit
vector pointing from attraction A to pedestrian i. This
study considers short-range strong repulsive and long-
range weak attractive interactions, i.e., Cr > Ca and
la > lr. By these conditions, the attractions attract dis-
tant pedestrians but not too close to the attractions.
The interaction between pedestrians and attractions is
qualitatively different from others, in that a pedestrian
can make decisions between moving in a desired direc-
tion and dropping by the attraction, or among multiple
attractions. This behavior can be called switching. Such
switching behavior can be effectively considered in our
setup with plausible values of model parameters, instead
of explicitly switching on/off related forces in Eq. (2).
III. RESULTS AND DISCUSSION
A. Numerical simulation setup
In order to investigate the decisive role of attractive in-
teractions toward attractions, numerical simulations are
performed. Each pedestrian is modeled by a circle with
radius ri = 0.2 m. N pedestrians move in a corridor of
length 25 m, along the x-axis, and width 4 m, along the
y-axis, with periodic boundary condition in the direction
of x-axis. They move with desired speed vd = 1.2 m/s
and with relaxation time τ = 0.5 s, and their speed is
limited to vmax = 2.0 m/s. The desired direction is set
to ~ei = (1, 0) for one half of population and ~ei = (−1, 0)
3TABLE I. Model parameters
Model parameter symbol value
strength of interpersonal repulsion Cp 3.0
range of interpersonal repulsion lp 0.2
normal elastic constants kn 25.0
tangential elastic constants kt 12.5
strength of boundary repulsion Cb 10.0
range of boundary repulsion lb 0.2
strength of repulsive interaction from attraction Cr 10.0
range of repulsive interaction from attraction lr 0.2
range of attractive interaction toward attraction la 1.0
pedestrian stride time ∆t 0.5
FIG. 1. (Color online) Each attraction, represented by an
orange rectangle, is modeled as three point masses acting on
a pedestrian, represented by a blue circle.
for the other half. On both the upper and lower walls
of corridor, five attractions are evenly spaced, meaning
that the distance between attractions is 5 m. To consider
the dimension of attractions, each attraction is modeled
as three point masses: one point at the center, the other
two points at the distance of 0.5 m from the center (See
Fig. 1).
To implement the social force model described in
Sec. II, the parameter values in Table I are selected based
on the previous works [6, 7, 23, 26]. Here the values of Cr
and lr are set to be the same as Cb and lb. In particular,
the values of Ca and la are chosen such that la > lr and
Ca < Cr. The effect of attractive interaction toward at-
tractions can be studied by controlling the ratio of Ca to
Cr, defining the relative attraction strength C = Ca/Cr
with Cr = 10.0. For the corridor area, A = 100 m
2,
this study also controls the pedestrian density defined by
ρ = N/A. At the initial time t = 0, pedestrians are ran-
domly distributed in the corridor without overlapping.
B. Phase diagram
The simulation results show various collective patterns
of pedestrian movements depending on relative attrac-
tion strength C and pedestrian density ρ. When the
density is low, three different phases are observed de-
pending on the relative attraction strength: (i) When
the attractive interaction C is small, pedestrians walk
in their desired directions, which enables to define the
(a) 
 
(b) 
 
(c) 
 
(d) 
 
 
FIG. 2. (Color online) Snapshots of numerical simulations for
various collective patterns, depending on the relative attrac-
tion strength C and the pedestrian density ρ. The attractions,
depicted by rectangles, are located on the walls of the corridor
with periodic boundary conditions in the horizontal direction.
Filled blue and hollow red circles depict the pedestrians with
desired directions to the left and to the right, respectively.
The different phases are observed: (a) Free moving phase in
the case of C = 0.2 and ρ = 0.6, in which pedestrians walk
in their desired directions. (b) Agglomerate phase in the case
of C = 0.45 and ρ = 0.6, in which pedestrians reach a stand-
still by forming clusters around attractions. (c) Competitive
phase in the case of C = 0.7 and ρ = 0.6, in which pedestrians
rush into attractions and tend to push others. (d) Coexistence
subphase in the case of C = 0.55 and ρ = 2.0, in which the
free moving and the competitive phases coexist.
free moving phase, see Fig. 2(a). (ii) For the intermedi-
ate range of C, one can observe an agglomerate phase,
where pedestrians reach a standstill by forming clusters
around attractions, although they intended to walk with
their desired velocity [See Fig. 2(b)]. (iii) The competi-
tive phase appears when C is large. Since increasing the
relative attraction strength leads to extreme desire for
attractions, pedestrians rush into attractions and tend
to push others as shown in Fig. 2(c). On the other hand,
if the density is high, the agglomerate phase is not ob-
served any more, while the free moving and competitive
phases coexist only for the intermediate range of C as
shown in Fig. 2(d).
In order to quantitatively distinguish different pedes-
trian flow patterns, this study employs the efficiency of
motion E and the normalized kinetic energy K [24] as
follows:
E =
〈
1
N
N∑
i=1
~vi · ~ei
vd
〉
(10)
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FIG. 3. (Color online) Numerical results of the efficiency of
motion E(C, ρ) (a) and the normalized kinetic energy K(C, ρ)
(b). Different symbols represent the different values of ρ.
For each given ρ, E(C) monotonically decreases according
to C, while K(C) decreases and then increases except for
small ρ. Different phases and transitions among them can be
characterized in terms of the behaviors of E and K.
and
K =
〈
1
N
N∑
i=1
‖~vi‖2
v2d
〉
. (11)
Here 〈·〉 represents an average over 60 independent sim-
ulation runs after reaching the stationary state. The ef-
ficiency reflects the contribution of the driving force in
the pedestrian motion. If all pedestrians walk with their
desired velocity, the efficiency becomes 1. On the other
hand, the zero efficiency can be obtained if pedestrians
do not move in their desired directions and form clusters
at attractions. The normalized kinetic energy has the
value of 0 if all pedestrians do not move, otherwise it has
a positive value.
Figure 3 shows how the efficiency E(C, ρ) and the nor-
malized kinetic energy K(C, ρ) depend on the pedestrian
density ρ and the relative attraction strength C. For a
given ρ, E decreases according to C, meaning that pedes-
trians are more distracted from their desired velocity due
to the larger strength of attractions. Interestingly, E be-
comes 0 at a finite value of C = C0(ρ), indicating the
transition from the free moving phase to the agglomerate
phase for low ρ or to the competitive phase for high ρ. In
case with N = 1, . ρ = 0.01, the pedestrian movements
end up with either moving or stopping the movement,
depending on C. That is, the transition for N = 1 is dis-
continuous, depicted as an abrupt change in the curve of
ρ = 0.01 in Fig. 3(a). The same behavior is observed up
to ρ = 0.1, i.e., one pedestrian per attraction on average.
For the region of ρ > 0.1, the decreasing behavior of
E becomes continuous mainly due to the collective effect
of interpersonal repulsion. In addition, the larger E is
observed with higher ρ, which can be explained by the
interpersonal repulsion effect. The pedestrians moving
far from the walls become less distracted by the attrac-
tions because of the repulsion by pedestrians close to the
attractions. This interpersonal repulsion also explains
why the transition point of C0(ρ) is larger for the higher
ρ. The stronger attraction is needed to attract distant
pedestrians.
Although the efficiency enables to identify the bound-
ary of the free moving phase, the properties of agglom-
erate and competitive phases can be better understood
in terms of the normalized kinetic energy. The decreas-
ing behavior of K is overall similar to that of E up to
C ≈ 0.45. It also turns out that K begins to increase
for larger values of C except for ρ < 0.1. In the case
of ρ < 0.1, since pedestrians do not occupy the same
attraction on average, the further increasing strength of
attractions do not change pedestrian movements, keep-
ing K = 0. The increasing behavior of K is of two kinds,
depending on the range of ρ. First, the case with low
values of ρ is considered. As C increases, K turns out
to be 0 at the same critical point of C = C0, and then
gradually increases from 0 at C = C+(ρ) with C+ ≥ C0
(see Fig. 3). The boundaries among different phases can
be identified in terms of C0 and C+. The free moving
phase for C < C0 is characterized by
E > 0 and K > 0, (12)
and the agglomerate phase for C0 < C < C+ by
E = K = 0. (13)
When C > C+,
E = 0 and K > 0 (14)
characterizes the competitive phase, in which pedestrians
rush into attractions and jostle each other in order to get
closer to attractions. This also explains the observation
of ∂K/∂C > 0. Even though the stronger attractions
intensify jostling behavior of pedestrians, pedestrians do
not jump to the neighboring attractions. Moreover, due
to the competition, they stay near attractions and fre-
quently move in the opposite direction of the desired ve-
locity, leading to E = 0. It is found that C0(ρ) increases
and C+(ρ) decreases according to the increasing ρ. They
finally coincide at the crossover density ρ× ≈ 1.22, in
which the agglomerate phase vanishes. The value of ρ×
5indicates the maximum number of pedestrians that can
stay near attractions without jostling and can be inter-
preted as a total capacity of attractions. In this simula-
tion setup, each attraction can accommodate about up
to 12 pedestrians on average.
Secondly, for the high values of ρ > ρ×, K decreases
and then increases according to C but without becoming
zero. The striking difference from the case with low ρ is
the existence of parameter region characterized by both
E > 0 and
∂K
∂C
> 0. (15)
This implies that some pedestrians rush into attractions
as in the competitive phase (∂K/∂C > 0), while other
pedestrians move in their desired directions as in the free
moving phase (E > 0). The moving pedestrians are also
attracted to attractions but cannot stay around them
because of interpersonal repulsion effect by other pedes-
trians closer to attractions. Thus, this parameter region
can be called coexistence subphase. The coexistence sub-
phase belongs to the free moving phase in the sense that
the coexistence subphase is also characterized by E > 0
and K > 0. However, one can identify the lower bound-
ary of coexistence subphase by determining Cmin that
minimizes K. At Cmin, the number of pedestrians accom-
modated by attractions is also maximized. Cmin seems
to be independent of ρ. It is because the excessive pedes-
trians proportional to ρ − ρ× cannot be accommodated
by attractions, hence move between attractions, which
elevates the curve of K at least around Cmin. The upper
boundary to the competitive phase is determined by the
critical point C0. It is found that C0(ρ) is an increas-
ing function of ρ because stronger attractions are needed
to entice more pedestrians. Different phases characteriz-
ing different collective patterns of pedestrians and transi-
tions among them are summarized in the phase diagram
of Fig. 4.
C. Spatiotemporal patterns
In addition to the global quantities characterizing the
collective patterns, such as efficiency of motion and nor-
malized kinetic energy, one can better describe the pat-
terns by means of local quantities. As in [25, 26], the local
speed and the local density are adopted to describe the
spatiotemporal patterns of pedestrian movements. The
local speed at a location ~z and time t is measured as
V (~z, t) =
∑
i ‖~vi‖f(diz)∑
i f(diz)
, (16)
where diz is the distance between location ~z and pedes-
trian i’s position. f(d) is a Gaussian distance-dependent
weight function
f(d) =
1
piR2
exp
(
− d
2
R2
)
(17)
 0.2
 0.3
 0.4
 0.5
 0.6
 0.7
 0.8
 0  0.5  1  1.5  2
C
ρ
free moving
agglomerate
competitive
coexistence
C0C+Cmin
FIG. 4. (Color online) Phase diagram summarizing the nu-
merical results. The parameter space of the pedestrian den-
sity ρ and the relative attraction strength C is divided into
four regions by means of C0 (◦), C+ (), and Cmin (×).
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FIG. 5. (Color online) Local speed maps (left) and local
density maps (right) for various collective patterns of pedes-
trian movements: free moving, agglomerate, and competitive
phases, and coexistence subphase (from top to bottom). Yel-
low (light) and red (dark) colors indicate lower and higher
values, respectively.
with a measurement parameter R = 0.7. The local den-
sity is similarly defined as
ρ(~z, t) =
∑
i
f(diz). (18)
Figure 5 shows for different phases the local speed maps
V (x, t) and the local density maps ρ(x, t) that have been
averaged along the y-axis. For the free moving phase,
pedestrians speed up when they approach the attractions,
and then slow down when moving away from them. The
fast moving pedestrians around attractions lead to the
low density, while slowly moving pedestrians between at-
6tractions is related to the high density. In the agglomer-
ate phase, pedestrians form clusters around attractions,
resulting in the high local density around attractions and
zero local speed in the entire corridor. In the competi-
tive phase, the local density shows tighter clustering for-
mation around attractions than that of the agglomerate
phase. One can observe fluctuations in the local speed
in that frenzied pedestrians rush into attractions. The
coexistence subphase shows a similar pattern to the free
moving phase in the local speed map and to the compet-
itive phase in the local density map.
IV. CONCLUSION
This study has numerically investigated collective ef-
fects of attractive interactions between pedestrians and
attractions by extending the social force model. A phase
diagram with various collective patterns of pedestrian
movements is presented. The phases are identified by
means of the efficiency of motion E and the normalized
kinetic energy K as functions of the pedestrian density ρ
and the relative attraction strength C. For low density,
as C increases, the transition occurs from the free moving
phase (E,K > 0) to the agglomerate phase (E = K = 0)
and finally to the competitive phase (E = 0 and K > 0).
For high density, the agglomerate phase disappears and
a coexistence subphase emerges where the properties of
free moving and competitive phases are observed simul-
taneously for the intermediate range of C. The crossover
density separating low and high densities can be under-
stood as the total capacity of attractions. It is noted
that these results are robust with respect to the choice
of relevant parameter values for attractive interactions,
i.e., la and Cr.
The findings from this study can provide insight into
customer behavior in stores. The driving force and the
attractive force can be interpreted as the initial plan and
the influence of unexpected attractions, respectively. Ac-
cordingly, the appearance of the agglomerate phase might
be analogous to consumer impulse purchase without an
initial plan [27–29]. The competitive phase can be rele-
vant to understanding the pedestrian incidents involving
extreme desire for limited resources. This study also sug-
gests that safe and efficient use of pedestrian facilities can
be achieved by moderating the density and the strength
of attractive interaction.
A very simple scenario has been focused in order to
study the fundamental role of attractive interactions.
Assuming superposition of various interaction terms in
the social force model could yield switching behavior in
effect by choosing plausible parameter values. However,
switching behavior can be explicitly formulated for
more realistic models, and should be verified against
experimental data. Indeed, it is widely known that
people have limited amount of attention, so they tend
to focus on few stimuli rather than consider every
stimulus around them [30, 31]. In addition, one can take
into account heterogeneous properties of pedestrians
and attractions, such as different strength of attractive
interactions between pedestrians and attractions.
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Abstract
Walking is a fundamental activity of our daily life not only for moving to other places but also
for interacting with surrounding environment. While walking on the streets, pedestrians can
be aware of attractions like shopping windows. They can be influenced by the attractions
and some of them might shift their attention towards the attractions, namely switching
behavior. As a first step to incorporate the switching behavior, this study investigates collec-
tive effects of switching behavior for an attraction by developing a behavioral model. Numer-
ical simulations exhibit different patterns of pedestrian behavior depending on the strength
of the social influence and the average length of stay. When the social influence is strong
along with a long length of stay, a saturated phase can be defined at which all the pedestri-
ans have visited the attraction. If the social influence is not strong enough, an unsaturated
phase appears where one can observe that some pedestrians head for the attraction while
others walk in their desired direction. These collective patterns of pedestrian behavior are
summarized in a phase diagram by comparing the number of pedestrians who visited the
attraction to the number of passersby near the attraction. Measuring the marginal benefits
with respect to the strength of the social influence and the average length of stay enables us
to identify under what conditions enhancing these variables would be more effective. The
findings from this study can be understood in the context of the pedestrian facility manage-
ment, for instance, for retail stores.
Introduction
Collective dynamics of interactions among individuals is one of the current central topics in
the field of interdisciplinary physics. In an attempt to quantify self-organized phenomena in
the real world, various topics have been studied such as opinion formation [1, 2], spread of dis-
ease [3], and pedestrian dynamics [4]. The study of pedestrian dynamics has generated consid-
erable research interests in the physics community and various models have been proposed in
order to describe fascinating collective phenomena, such as cellular automata (CA) approaches
[5, 6], force-based models [7, 8], and heuristic-based models [9, 10]. The CA approaches dis-
cretize walking space into two dimensional lattices where each cell can have at most one agent.
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Agents move between cells according to the probability of movement. The CA approaches
offer simple and efficient computation, but yield limited accuracy on describing pedestrian
movements due to the nature of discretized time and space. Force-based models present inter-
nal motivation and external stimuli as force terms and describe the movement of pedestrians
by summing these force terms in continuous space. Although force-based models can describe
pedestrian behaviors in detail, they are computationally expensive. Heuristic-based models
predict pedestrian movements based on a set of rules defined for different situations. The heu-
ristics-based models can intuitively simulate pedestrian movements for specific situations, but
at the same time they might be able to mimic only a limited number of situations. Among
these models, force-based models have been remarkably extended by improving behavioral
aspects of pedestrian movements including repulsive interactions [11–13], collision prediction
[14], pedestrian group behavior [15–17], and attractive interactions between pedestrians and
attractions [18].
Numerical studies in Ref. [18] examined attractive interactions between pedestrians and
attractions by appending the attractive force toward the attractions. Although their extended
social force model exhibited various collective patterns of pedestrian movements, their study
did not explicitly take into account selective attention. The selective attention is a widely recog-
nized behavioral mechanism by which people can focus on tempting stimuli and disregard
uninteresting ones [19, 20]. While walking on the streets, pedestrians can be aware of attrac-
tions like shopping windows and street performances. When such attractions come into sight,
individuals can make decisions between moving in their initially planned directions and stop-
ping by the attractions. This behavior can be called switching behavior, meaning that the indi-
viduals can shift their attention towards the attractions [18].
In reality, such switching behavior is likely to be influenced by the behavior of others. For
instance, Milgram et al. [21] and Gallup et al. [22] reported that passersby on the streets were
more likely to pay attention to stimulus crowds as the size of the crowd was increased. They
noted that the size of the crowd was associated with the individual time spent looking at the
stimulus crowd and social context. In the marketing area, it is widely believed that longer store
visit duration and stronger social interactions are likely to attract more shoppers to stores. Hav-
ing more visitors in the stores can affect one’s information processing by raising awareness of
merchandise displays in stores, and consequently the individual becomes prone to make more
purchases [23, 24]. Therefore, marketing strategies have focused on increasing the length of
store visit duration and the strength of social interactions [25].
In order to incorporate the switching behavior, this study constructs a simple probability
model in which the preference for the attraction depends on the number of people who have
already joined the attraction. By means of numerical simulations, the effects of the social influ-
ence and the average length of stay at the attraction are examined, and illustrated with a phase
diagram.
The remainder of this paper is organized as follows. We first describe the proposed switch-
ing behavior model in the next section. Then we present its numerical simulation results with a
phase diagram in the results section. Finally, we discuss the findings of this study in the section
following the results.
Methods
Switching behavior
By the analogy with sigmoidal choice rule [21, 22, 26], the probability that a pedestrian joins an
attraction point Pa can be formulated based on the number of pedestrians who have already
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joined Na and the number of pedestrians not stopping by the attraction N0:
Pa ¼
sNa
N0 þ sNa
: ð1Þ
This indicates that the joining probability increases as Na grows. Here s> 0 is the strength of
the social influence that can be also understood as pedestrians’ awareness of the attraction.
When s is small, individuals pay little attention to others’ choice. For large s, the joining proba-
bility is more likely to be influenced by the number of people who have already joined the
attraction rather than the number of people not joining the attraction. However, note that the
joining probability cannot be determined when there is nobody within the range of perception,
i.e., Na = N0 = 0. In order to avoid such indeterminate case, we introduce positive constants Ka
for joining the attraction and K0 for not stopping by the attraction as baseline values of Na and
N0, respectively, as follows:
Pa ¼
sðNa þ KaÞ
ðN0 þ K0Þ þ sðNa þ KaÞ
: ð2Þ
According to previous studies [21, 22, 25], here we postulated that the strength of social influ-
ence can be different for different situations and can be controlled in the presented model.
After joining the attraction, the individual will then stay near the attraction for an exponen-
tially distributed time with an average of td, similar to previous works [7, 22, 27].
Pedestrian movement
According to the social force model [7], the velocity~viðtÞ of pedestrian i at time t is given by
the following equation:
d~viðtÞ
dt
¼ vd~ei ~viðtÞ
t
þ
X
j 6¼i
~f ij þ
X
B
~f iB: ð3Þ
Here the first term on the right-hand side indicates the driving force describing the tendency of
pedestrian imoving toward his destination with the desired speed vd and an unit vector~ei
pointing to the desired direction. The relaxation time τ controls how fast pedestrian i adapts its
velocity to the desired velocity. The repulsive force terms~f ij and~f iB reflect his tendency to keep
certain distance from other pedestrian j and the boundary B, e.g., wall and obstacles. Based on
previous studies [7, 12, 18], the repulsive force between pedestrians i and j is specified by sum-
ming the gradient of repulsive potential with respect to~dij ~xj ~xi, and the friction force,~g ij:
~f ij ¼ r~d ij Cplp exp 
bij
lp
 !" #
þ~g ij: ð4Þ
Cp and lp are the strength and the range of repulsive interaction between pedestrians i and j.
Here bij ¼ 12
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðk~dijk þ k~dij ~yijkÞ2  k~yijk2
q
is the effective distance between pedestrians i and
j by assuming their relative displacement~yij  ð~vj ~viÞDt with the stride time Δt [12]. The
interpersonal friction~g ij ¼ khðrij  dijÞ~eij becomes effective when the distance dij ¼ k~dijk is
smaller than the sum rij = ri+rj of their radii ri and rj, where k is the normal elastic constant and
~eij is an unit vector pointing from pedestrian j to i. The function h(x) yields x if x> 0, while it
gives 0 if x 0. The repulsive force from boundaries is denoted as~f iB ¼ CbexpðdiB=lbÞ~eiB,
where diB is the perpendicular distance between pedestrian i and wall, and~eiB is the unit vector
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pointing from the wall B to the pedestrian i. Cb and lb denote the strength and the range of
repulsive interaction from boundaries.
Numerical simulation setup
Each pedestrian is modeled by a circle with radius ri = 0.25 m. N = 100 pedestrians move in a
corridor of length 30 m and width 6 m with periodic boundary condition in the horizontal
direction. They move with desired speed vd = 1.2 m/s and with relaxation time τ = 0.5 s, and
their speed cannot exceed vmax = 2.0 m/s. The desired direction points from the left to the right
boundary of the corridor for one half of population and the opposite direction for the other
half. The parameters of the repulsive force terms are given based on previous works: Cp = 3, lp
= 0.2, k = 62.5, Cb = 10, and lb = 0.2 [7, 10, 12, 18].
The joining probability (Eq (2)) is updated with the social force model (Eq (3)) for each sim-
ulation time step of 0.05 s. The individual can decide whether he will join the attraction when
the attraction comes into his perception range Ri = 10 m. Once the individual decides to join
the attraction, then he shifts his desired direction vector~ei toward the attraction. The attraction
is placed at the center of lower wall, i.e., at the distance of 15 m from the left boundary of the
corridor. For the sake of simplicity, Ka and K0 are set to be 1, meaning that both options are
equally attractive when the individual would see nobody within his perception range. An indi-
vidual is counted as an attending pedestrian if his efficiency of motion Ei ¼ ð~vi ~eiÞ=vd is lower
than 0.05 within a range of 3 m from the center of the attraction after he decided to join there.
Here the efficiency of motion indicates how much the driving force contributes to the pedes-
trian motion with a range from 0 to 1 [18, 28]. Ei = 1 implies that the individual is walking
towards his destination with the desired velocity while lower Ei indicates that an individual is
distracted from his initial destination because of the attraction.
Results and Discussion
Feasibility zone
The simulation results show different patterns of pedestrian movements depending on the
strength of the social influence s and the average length of stay td. If the social influence is
weak, one can define an unsaturated phase where some pedestrians move towards the attrac-
tion while others walk in their desired directions (see Fig 1(a)). For large values of s, a saturated
phase can be defined, in which every pedestrian near the attraction heads for the attraction (see
Fig 1(b)).
We focus on the behavior of the number of pedestrians who visited the attraction Nv, out of
pedestrians within a range of Ra = 10 m from the center of the attraction, denoted by Np. Then
the number of pedestrians not visiting the attraction is Np − Nv. Quantifying the behavior of Nv
is useful because it reflects the level of crowding and helps facility managers to estimate the
cost of making the accommodation necessary for visitors. Fig 2 shows how Nv depends on the
strength of social influence s and the average length of stay td. For a given td, Nv increases
according to s, indicating that more pedestrians are distracted from their initial desired velocity
due to others’ choice on the attraction, see the left panel of Fig 2. Furthermore, Nv curves rap-
idly increase as td grows, meaning that the larger td, the smaller s is needed to attract the major-
ity of pedestrians (see the right panel of Fig 2). The increasing behavior of Nv in the right panel
of Fig 2 shows a similar pattern to that in the left panel.
Although Nv enables us to evaluate the attraction influence on pedestrians, quantifying mar-
ginal benefits of facility improvements can indicate the effective ways of enhancing the attrac-
tion influence on pedestrians. The increase of Nv can be understood as the benefit of the facility
improvements in the sense that the attraction is likely to have more potential customers with
Pedestrian Switching Behavior
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higher Nv. Firstly, ΔNv/Δs defines the marginal benefit with respect to the change of s, which
can be calculated as the first derivative of Nv curves in the left panel of Fig 2. In a similar way,
we can also evaluate ΔNv/Δtd from the first derivative of Nv curve in the right panel of Fig 2,
which defines the marginal benefit with respect to the average length of stay td. As indicated in
Fig 3(a) and 3(b), each marginal benefit curve increases up to a certain level and then decreases.
For higher td and s, the values of the marginal benefits are sensitive to the variations of s and td
for low values of s and td, respectively. Thus, one can find certain ranges or windows of s and td,
where the effective improvements of Nv can be achieved. The variations of s and td are consid-
ered as effective if ΔNv/Δs is larger than 30 and if ΔNv/Δtd is larger than 0.3. Feasible conditions
of the effective improvements can be further illustrated in the parameter space of s and td by
means of ΔNv/Δs and ΔNv/Δtd, as shown in Fig 4. The parameter region can be called a feasibil-
ity zone of the effective improvements, indicating that higher increase of Nv is expected with
smaller increase of s and td. Other than the feasibility zone, the impact of changing those vari-
ables are insignificant.
Phase diagram
The parameter space of s and td is divided into two regions according to the value of Nv. For
each value of td> 43 s, Nv increases as s increases, and then finally reaches Np at a critical value
of s, i.e., sc. This indicates the transition from the unsaturated phase to the saturated phase (see
Fig 4). For the region of td< 43 s, Nv increases as s grows but does not reach to its maximum
allowed value even for the large values of s, as can be seen from Fig 2(a) and 2(c). The average
length of stay td is not long enough, so it fails to obtain sufficient amount of visitors. One can
Fig 1. Representative snapshots of numerical simulations with various values of the social influence
s and the average length of stay td. The attraction, depicted by an orange rectangle, is located at the center
of the lower wall. Filled red and hollow blue circles depict the pedestrians who have and have not visited the
attraction, respectively. Two phases are observed: (a) Unsaturated phase in the case of s = 0.4 and td = 30 s,
in which some pedestrians have visited the attraction while others walk in their desired directions. (b)
Saturated phase in the case of s = 1.5 and td = 60 s, where all the pedestrians around the attraction, within a
range of Ra = 10 m, have visited the attraction.
doi:10.1371/journal.pone.0133668.g001
Pedestrian Switching Behavior
PLOS ONE | DOI:10.1371/journal.pone.0133668 July 28, 2015 5 / 11
also observe that sc substantially decreases for td 120 s and appears to stay around 0.2 when
td is larger than 180 s. It is reasonable to suppose that the departure rate of attending pedestri-
ans is positively associated with the reciprocal of td while the arrival rate of joining pedestrians
is linked to s. Accordingly, we can infer that the impact of the departure rate on Nv is domi-
nated by that of the arrival rate when td is large, so the marginal impact of increasing td
becomes less notable for larger td.
Fig 2. Numerical results ofNv andNp. Filled blue area indicates the number of pedestrians who visited the attractionNv and hollow area bounded by solid
lines corresponds to the number of pedestrians not visiting the attractionNp − Nv. Top subplots present the cases of small s (a) and small td (b) while bottom
subplots for large s (g) and large td (h). It is observed that higher values of td and s appear to yield rapid growth of Nv for smaller intervals as s and td increase,
respectively.
doi:10.1371/journal.pone.0133668.g002
Pedestrian Switching Behavior
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Conclusion
In order to examine the collective effects of the switching behavior, this study has developed a
behavioral model of pedestrians’ joining an attraction. A phase diagram with different collec-
tive patterns of pedestrian behavior is presented. The phases are identified by comparing the
number of pedestrians who visited the attraction Nv to the number of passersby near the attrac-
tion Np. For strong social influence, the saturated phase appears where all pedestrians were
enticed by the attraction, so all of them have visited the attraction. When the social influence is
weak, the unsaturated phase is observed where the attraction is not captivating enough to
entice all the pedestrians. Based on the numerical simulation results, feasible conditions of the
effective improvements have been identified in terms of the marginal benefits. It is noted that
Fig 3. Numerical results of the marginal benefits,ΔNv/Δs (a) and ΔNv/Δtd (b). The marginal benefits
increase up to a certain level and then decrease for given td and s, respectively. Interestingly, the marginal
benefits are sensitive to the variations of s and td within the bounded intervals, showing that effective
improvements of these variables can be achieved. Different symbols represent the different values of td and
s.
doi:10.1371/journal.pone.0133668.g003
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the results are qualitatively similar to the cases of other Ka and K0 values. When K0 is set to
larger than Ka, the individual will have a higher probability of walking towards the initial desti-
nation than the case of joining the attraction. On the other hand, if Ka is larger than K0, the
choice probability is increased. This study therefore presents a new approach to quantifying
the collective effects of switching individuals’ attention to the attraction depending on the
strength of the social influence s and the average length of stay td.
The findings from this study can be contextualized in the domain of pedestrian facility man-
agement. The number of pedestrians who visited the attraction Nv is relevant to store traffic
which makes it possible to assess the attractiveness of the facility and predict the number of
potential customers [29, 30]. The appearance of the saturated phase can be interpreted as a
thorough dissemination of important information to the visitors, indicating that all the visitors
are informed of events, for instance conferences and campaigns. The social influence s can be
understood as pedestrians’ awareness of the attraction. For instance, an attraction in a busy
train station tends have a low s value so a few number of pedestrians might gather around the
attraction. If there is an artwork produced by a famous artist in a museum (i.e., moderate s)
and the value of td is large, the artwork is likely to attract a large group of passersby around the
artwork. On the other hand, when td value of the artwork is small, it might fail to attract many
people. In practice, for pedestrian facilities such as stores and museums, there are likely to exist
costs associated with increasing the strength of social influence s and the average length of stay
td. Facility managers can think of increasing td by making the pedestrian attractions more
Fig 4. A feasibility zone of effective improvements and an envelope of the saturated phase. The red shade area depicts a feasibility zone of the
effective improvements characterized in terms of the marginal benefits ΔNv/Δs and ΔNv/Δtd. The blue solid line with circle symbols represents the envelope
of the saturated phase at which Nv = Np. The saturated phase indicates that all the pedestrians have visited the attraction, while the unsaturated phase
represents that not all pedestrians are enticed by the attraction.
doi:10.1371/journal.pone.0133668.g004
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comfortable, so they might expect that visitors would stay longer. Although the strength of the
social influence seems to be given for specific situations such as different time of day or loca-
tions, the managers can attempt to increase s by changing the layouts of the facilities or chang-
ing pedestrian traffic density near the attractions. With the feasibility zone of effective
investments, one can identify under what conditions facility improvements would be more
effective.
As a first step to study the collective effects of switching behavior, a simple scenario has
been considered. Based on the findings from this study, the following recommendations can be
made for future research. First, a future study is recommended for the case with multiple
attractions in order to consider more realistic situations such as a shopping street having sev-
eral stores. An important question for the future study is to understand the spatio-temporal
dynamics of pedestrians near the attractions. The future study will specifically examine the
effects of increasing the number of attractions and the size of pedestrian clusters at the attrac-
tions. Second, one can take into account heterogeneous properties of attractions and pedestri-
ans such as the strength of social influence and the average length of stay. In addition, different
pedestrians reveal diverse characteristics in terms of desired speed, destinations, and preference
on attractions. While this paper only considers homogeneous properties of pedestrians and
attractions for the purpose of understandability, considering those heterogeneous properties
are needed for immediate applications of this study. Finally, the presented model can be
extended by incorporating various aspects of pedestrian behavior. For instance, we can postu-
late that pedestrians have time budget, so they evaluate the attractiveness and the cost of time
due to joining the attractions.
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We numerically study jamming transitions in pedestrian flow interacting with an attraction,
mostly based on the social force model for pedestrians who can join the attraction. We formu-
late the joining probability as a function of social influence from others, reflecting that individual
choice behavior is likely influenced by others. By controlling pedestrian influx and the social influ-
ence parameter, we identify various pedestrian flow patterns. For the bidirectional flow scenario,
we observe a transition from the free flow phase to the freezing phase, in which oppositely walking
pedestrians reach a complete stop and block each other. On the other hand, a different transition
behavior appears in the unidirectional flow scenario, i.e., from the free flow phase to the localized
jam phase and then to the extended jam phase. It is also observed that the extended jam phase can
end up in freezing phenomena with a certain probability when pedestrian flux is high with strong
social influence. This study highlights that attractive interactions between pedestrians and an at-
traction can trigger jamming transitions by increasing the number of conflicts among pedestrians
near the attraction. In order to avoid excessive pedestrian jams, we suggest suppressing the number
of conflicts under a certain level by moderating pedestrian influx especially when the social influence
is strong.
PACS numbers: 89.40.-a, 89.65.-s, 05.65.+b
I. INTRODUCTION
Collective dynamics of many-body systems has at-
tracted much attention in the fields of statistical physics
and its neighboring disciplines. As for the examples, one
finds the collective motions of particles [1], vehicles [2],
pedestrians [3], and animals [4]. This subject has been
studied by modeling a set of individual behavioral rules
in order to quantify emergent collective patterns from
interactions among individuals. Based on this approach,
various interesting collective behaviors have been iden-
tified such as the coherent state in highway traffic [5]
and lane formation in pedestrian flow [3]. These col-
lective behaviors are interesting not only because they
arise without any external controls but also because they
improve the efficiency of traffic flow. However, for the
density of particles above a certain level, the interactions
among individuals may cause jamming transitions that
reduce the traffic flow efficiency [6–8]. Jamming transi-
tions have generated considerable research interest, not
only because of their relevance to collective dynamics in-
cluding the clogging effect in granular flow [9] and the
faster-is-slower effect in pedestrian evacuations [10], but
also for practical applications such as monitoring conges-
tion on freeways [11, 12] and developing adaptive cruise
control strategies [13].
In order to understand jamming transitions and re-
lated phenomena in pedestrian flow, experimental studies
have been performed for unidirectional [14, 15] and bidi-
∗ jaeyoung.kwak@aalto.fi
rectional flow scenarios [16–18]. Seyfried et al. [14] and
Zhang et al. [15, 18] studied the shape of fundamental
diagrams based on various pedestrian flow experiments.
For different sizes of two oppositely walking pedestrian
groups, Kretz et al. [16] examined the characteristics of
bidirectional flow by looking into passing times, walking
speeds, fluxes, and lane formation. Feliciani and Nishi-
nari [17] investigated the lane formation process based on
experiment data of different directional split in bidirec-
tional flow. Pedestrian flow through bottlenecks has been
also actively studied [19–21]. Those bottleneck studies
analyzed the influence of bottleneck width on pedestrian
flow including bottleneck capacity, time headways, and
total times to flee all the pedestrians from the bottle-
neck. Up to now, most of pedestrian bottleneck studies
have been performed for static bottlenecks, meaning that
the bottlenecks are at fixed locations and their size does
not change over time.
Jamming transitions in pedestrian flow have also been
investigated for various situations based on numerical
simulations. With the lattice gas model, Muramatsu et
al. [22] studied jamming transitions as a function of
pedestrian density in bidirectional flow and observed
a freezing transition for high pedestrian density in a
straight corridor. Later, Tajima et al. [23] identified a
jamming transition from free flow to saturated flow at
a critical density. Above the critical density, the pedes-
trian flow rate stays constant against increasing density,
defining the saturated flow rate. They also presented the
scaling behavior of the saturated flow rate and critical
density depending on the width of the bottleneck and
corridor. For an evacuation scenario, Helbing et al. [10]
found that an arch-like blocking appears in front of an
2exit which significantly increases the evacuation time. In
another study, they reported that a noise term in the
equation of pedestrian motion can reproduce a freezing
phenomenon in which pedestrian flow reaches a complete
stop [24]. Recently, Yanagisawa investigated the influ-
ence of memory effect on bidirectional flow in a narrow
corridor. When the memory-loss rate is above a certain
value, oppositely walking pedestrians fail to avoid en-
countering each other, leading to clogging [25].
A considerable amount of literature has reported jam-
ming transitions in the flow of pedestrians walking from
one point to another. In addition, previous studies pro-
vided narrative descriptions of the case interacting with
attractions such as shop displays and public events. For
instance, Goffman [26] described that window shoppers
act like obstructions to passersby on streets when they
stop to check store displays. Those shoppers can further
interfere with other pedestrians when the shoppers en-
ter and leave the stores. In another study, Gipps and
Marksjo¨ [27] stated that an attraction in a pedestrian
facility can attract nearby pedestrians, and such an at-
traction may impede pedestrian traffic especially during
peak periods.
Although it has been well recognized that an attrac-
tion can trigger pedestrian jams, little attention has been
paid to characterize the dynamics of their jamming tran-
sitions. In pedestrian facilities, pedestrians can see the
attractions and might shift their attention towards the
attractions. If the attractions are tempting enough, a
fair number of pedestrians gather around the attrac-
tions, forming attendee clusters. In our previous stud-
ies [28, 29], we characterized collective patterns of at-
tendee clusters, and investigated how such various pat-
terns can emerge from attractive interactions between
pedestrians and attractions. Nevertheless, little is known
about how an attendee cluster can contribute to jamming
transitions in pedestrian flow. It is apparent that if a
large attendee cluster exists near an attraction, passersby
are forced to walk through the reduced available space.
Consequently, the attendee cluster is acting as a pedes-
trian bottleneck for passersby. The flow through the bot-
tleneck can show transitions from free flow to jamming
states and may end in gridlock. The jamming transitions
near an attraction will be the subject of this paper. In
the following, we investigate jamming patterns induced
by the attraction and understand the transitions at a
microscopic level.
By means of numerical simulations, we characterize
jamming transitions in pedestrian flow interacting with
an attraction. The simulation model and its setup are ex-
plained in Sec. II. Then we analyze the spatio-temporal
patterns of jamming transitions induced by an attrac-
tion and summarize the results with phase diagrams, as
shown in Sec. III. We provide microscopic understanding
of the jamming transitions by mainly looking into con-
flicts among pedestrians. Finally, we discuss the findings
of this study in Sec. IV.
II. MODEL
Following the work of Helbing and Molna´r [3], we de-
scribe the motion of pedestrian i with the following equa-
tion:
d~vi(t)
dt
=
vd~ei − ~vi
τ
+
∑
j 6=i
~fij +
∑
B
~fiB . (1)
The first term on the right hand-side is the driving force
term indicating that pedestrian i adjusts walking veloc-
ity ~vi in order to achieve a desired walking speed vd along
with the desired walking direction vector ~ei. Here ~ei is
a unit vector pointing to the direction in which pedes-
trian i wants to move. The relaxation time τ controls
how quickly the pedestrian adapts one’s velocity to the
desired velocity. The repulsive force terms ~fij and ~fiB re-
flect the pedestrian’s collision avoidance behavior against
another pedestrian j and the boundary B, respectively.
In this section, the details of Eq. (1) and the numerical
simulation setup are explained.
A. Desired walking speed
Previous studies have reported that preventing exces-
sive overlaps among pedestrians is important to provide
better representation of pedestrian stopping behavior,
which often triggers jams. Parisi et al. [30] introduced
the respect area, which reserves a space on the order
of pedestrian radius, in order to suppress overlapping
among pedestrians. Later, Chraibi et al. [31] proposed an
interpersonal repulsion model that can prevent overlap-
ping in one dimensional pedestrian flow. In their models,
the driving force term becomes inactive when a pedes-
trian does not have enough room for stride. Inspired
by those studies, we postulate that the desired speed vd
is an attainable speed of pedestrian i depending on the
available walking space in front of the pedestrian,
vd = min{v0, dij/Tc}, (2)
where v0 is a comfortable walking speed and dij is the
distance between pedestrian i and the first pedestrian j
encountering with pedestrian i in the course of ~vi. Time-
to-collision Tc represents how much time remains for a
collision of two pedestrians i and j. Further details of Tc
are given in Appendix B.
B. Collision avoidance behavior
The collision avoidance behavior is modeled with ~fij
and ~fiB . Previous studies [3, 28, 29, 32] specified the in-
terpersonal repulsion term ~fij as a derivative of repulsive
potential with respect to ~dij ≡ ~xi − ~xj . It is given as
~fij = −∇~dij
[
Cplp exp
(
−bij
lp
)]
ωij . (3)
3Here, Cp and lp are the strength and range
of the interpersonal repulsion, and bij =
1
2
√
(‖~dij‖+ ‖~dij − ~yij‖)2 − ‖~yij‖2 is the effective
distance between pedestrians i and j by assuming their
relative displacement ~yij ≡ (~vj − ~vi)∆ts with the stride
time ∆ts [32]. The anisotropic function ωij represents
the directional sensitivity to pedestrian j,
ωij = λij + (1− λij)1 + cos φij
2
, (4)
where 0 ≤ λij ≤ 1 is pedestrian i’s minimum anisotropic
strength against pedestrian j. In addition, the angle φij
is measured between the velocity vector of the pedestrian
i, ~vi, and relative location of pedestrian j with respect to
pedestrian i, ~dji = ~xj − ~xi.
The boundary repulsion is given as ~fiB = Cb exp[(ri −
diB)/lb]~eiB , where diB is the perpendicular distance be-
tween pedestrian i and wall B, and ~eiB is the unit
vector pointing from the wall B to the pedestrian i.
The strength and the range of repulsive interaction from
boundaries are denoted by Cb and lb, respectively.
C. Joining behavior
It has been widely believed that individual choice be-
havior can be influenced by the choice of other individ-
uals. For instance, previous studies on stimulus crowd
effects reported that a pedestrian is more likely to shift
his attention towards the crowd as its size grows [33, 34].
This belief is also generally accepted in the marketing
area, which can be interpreted that having more vis-
itors in a store can attract more pedestrians to the
store [35, 36]. It is also suggested that the sensitivity
to others’ choice is different for different places, time-of-
day, and visitors’ motivation [34, 37]. Based on those
studies [33–37], we assume that an individual decides
whether to visit an attraction based on the number of
pedestrians attending the attraction. The sensitivity to
others’ choice can be represented as the social influence
parameter s. As suggested by Ref. [29], we formulate the
probability of joining an attraction Pa by the analogy
with sigmoidal choice rule [33, 34, 38],
Pa =
s(Na +Ka)
(N0 +K0) + s(Na +Ka)
. (5)
Here, Na and N0 are the number of pedestrians who have
already joined and that of the pedestrians not stopping
by the attraction, respectively. In order to prevent the
indeterminate case of Eq. (5), we set Ka and K0 as base-
line values for Na and N0. The social influence parameter
s > 0 can be also understood as pedestrians’ awareness of
the attraction. According to previous studies [33, 34, 37],
we assume that the strength of social influence can be
different for different situations and can be controlled in
the presented model. Once an individual has joined an
attraction, the individual will then stay near the attrac-
tion for an exponentially distributed time with an average
of td [3, 29, 34]. After the duration of visit, one leaves
the attraction and continues walking towards one’s initial
destination, not visiting the attraction again.
D. Steering behavior of passersby
While attracted pedestrians are joining the attraction
according to Eq. (5), passersby are the pedestrians who
are not interested in the attraction, thus they do not
visit the attraction. In this study, we assume passersby
aim at smoothly bypassing an attendee cluster near the
attraction while walking towards their destination.
Various approaches are available for modeling pedes-
trian steering behavior, including the pedestrian stream
model [39], the Voronoi diagram based approach [40],
and dynamic floor field models [41–44]. Among these ap-
proaches, the dynamic floor field models have been widely
applied to model pedestrian steering behavior. Similar to
cellular automata based pedestrian models [45, 46], the
dynamic floor field models discretize the pedestrian walk-
ing space into grids on the order of pedestrian size. In
line with the eikonal equation, the walking speed at each
grid point is assumed to be inversely proportional to the
derivative of the expected travel time function. That is, a
pedestrian standing at the grid point is going to walk in a
direction minimizing the expected travel time to a desti-
nation. The expected travel time is updated based on the
local pedestrian density at every time step. Analogously
to wave propagation in fluids, the expected travel time is
calculated along a pathway from the destination to the
grid point, inferring that pedestrians can plan ahead to
take a pathway offering the shortest travel time. That is,
the dynamic floor field models consider that pedestrians
walk along the fastest way to the destination. Previous
studies demonstrated that using the models can signifi-
cantly improve pedestrian steering behavior in numerical
simulations [41–43]. However, the approach is computa-
tionally expensive mainly due to the calculation of the
local density for almost every time step.
For computational efficiency, we employ streamline
approach to steer passersby between boundaries of the
corridor. Similar to the potential flow in fluid dy-
namics [47, 48] and the pedestrian stream model [39],
streamlines are used to represent plausible trajectories of
particles smoothly bypassing obstacles. For a location
z = (x, y), the pedestrian velocity components in the x-
and y-directions are expressed as partial derivatives of a
streamline function. In this study, the streamline func-
tion is formulated as a function of attendee cluster size,
so that passersby can detour around an attendee cluster
near the attraction. The attendee cluster size is measured
at every time step. See Appendix A for more details. Ac-
cording to the streamline approach, pedestrians decide
their walking direction in response to immediate changes
around them rather than based on a prediction of travel
4time to the destination. In contrast to the dynamic floor
field models, the streamline approach is computationally
efficient because it does not require one to compute the
local density at every time step.
E. Numerical simulation setup
Each pedestrian is modeled by a circle with radius
ri = 0.2 m. Pedestrians move in a corridor of length
L = 60 m and width W = 4 m in the horizontal direc-
tion. An attraction is placed at the center of the lower
wall. Pedestrians move with comfortable walking speed
v0 = 1.2 m/s and with relaxation time τ = 0.5 s, and
their speed cannot exceed vmax = 2.0 m/s. The parame-
ters of the repulsive force terms are given based on pre-
vious works: Cp = 3, lp = 0.3, ∆ts = 2.5, Cb = 6, and
lb = 0.3 [3, 28, 29, 32, 49]. The minimum anisotropic
strength λij is set to 0.25 for attendees near the attrac-
tion and 0.5 for others, yielding that the attendees exert
smaller repulsive force on others than passersby do. Con-
sequently, the attendees can stay closer to the attraction
while being less disturbed by the passersby.
The social force model in Eq. (1) is updated for each
simulation time step ∆t = 0.05 s. Following previous
studies [50–52], we employ the first-order Euler method
for numerical integration of Eq. (1). We refer the read-
ers to Appendix C for further details. We note that
∆t = 0.05 s yields good results in our numerical sim-
ulations without excessive overlaps among pedestrians.
This is possible because pedestrians reduce their desired
waking speed when they encounter other pedestrians in
a course of collision. Smaller values of ∆t can be selected
for better resolution of pedestrian trajectories [53]. Based
on Eq. (5), the joining probability is updated for every
0.05 s. For convenience, the evaluation time of Eq. (5) is
the same value as ∆t. As pointed out by Ref [54], there is
no established value for update frequency of pedestrian
decision. An individual evaluates the joining probabil-
ity when one can perceive the attraction 10 m ahead.
If the individual decides to join the attraction, then the
desired direction vector ~ei is changed from ~ei,0 into ~eAi.
Here, ~ei,0 and ~eAi are unit vectors indicating the ini-
tial desired walking direction of pedestrian i and point-
ing from pedestrian i to the attraction, respectively. For
simplicity, Ka and K0 are set to be 1, meaning that both
options are equally attractive when the individual would
see nobody within 10 m from the center of the attraction.
An individual i is counted as an attending pedestrian if
pedestrian i’s efficiency of motion Ei ≡ (~vi · ~ei,0)/v0 is
lower than 0.05 within a range of 1 m from the boundary
of the attendee cluster. The individual efficiency of mo-
tion Ei indicates how much the driving force contributes
to pedestrian i’s progress towards the destination with a
range from 0 to 1 [24, 28]. We assumed that Ei = 0.05 is
tolerant enough to distinguish a weak motion of attendees
near an attraction from actively walking pedestrians not
visiting the attraction. The average duration of visiting
an attraction td is set to be 30 s.
For our numerical simulations, a straight corridor will
be considered to study pedestrian jams induced by an
attraction. In the straight corridor, one can consider two
possible patterns of flow, i.e., bidirectional and unidirec-
tional flows. In the bidirectional flow, one half of the
population is walking towards the right boundary of the
corridor from the left, and the opposite direction for the
other half. In the unidirectional flow, all pedestrians are
entering the corridor through the left boundary and walk-
ing towards the right.
An open boundary condition is employed in order to
continuously supply pedestrians to the corridor. By do-
ing so, pedestrians can enter the corridor regardless of
the number of leaving pedestrians. Pedestrians are in-
serted at random places on either side of the corridor
without overlapping with other nearby pedestrians and
boundaries. The number of pedestrians in the corridor is
associated with the pedestrian influx Q, i.e., the arrival
rate of pedestrians entering the corridor. The unit of Q
is indicated by P/s, which stands for pedestrians per sec-
ond. Based on previous studies [55, 56], the pedestrian
interarrival time is assumed to follow a shifted exponen-
tial distribution. That is, pedestrians are entering the
corridor independently and their arrival pattern is not
influenced by that of others. The minimum headway is
set to 0.4 s between successive pedestrians entering the
corridor, which is large enough to prevent overlaps be-
tween arriving pedestrians.
III. RESULTS AND DISCUSSION
A. Jam patterns in bidirectional flow
Our simulation results show different patterns of
pedestrian motion depending on influx Q and social in-
fluence parameter s. The free flow phase appears when
both Q and s are small. From Fig. 1(a), one can observe
that passersby walk towards their destinations without
being interrupted by the cluster of attracted pedestri-
ans. Passersby walking to the right form lanes in lower
part of the corridor while the upper part of the corri-
dor is occupied by passersby walking to the left. This
spatial segregation appears as a result of the lane forma-
tion process which has been reported in previous stud-
ies [3, 16–18]. Simultaneously, the attracted pedestrians
form a stable cluster near the attraction. If both Q and s
are large, we can see freezing phase, in which oppositely
walking pedestrians reach a complete stop because they
block each other, as shown in Fig. 1(b).
To quantify spatio-temporal patterns of pedestrian
flow, we measure the local efficiency E(x, t) for a given
time t and segment x in the horizontal direction:
E(x, t) =
1
|N(x, t)|
∑
i∈N(x,t)
Ei. (6)
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FIG. 1. (Color online) Representative snapshots of different
passerby flow patterns, showing a section of 30 m in the cen-
ter of the corridor, i.e., 15 m ≤ x ≤ 45 m. The attraction,
depicted by an orange rectangle, is located at the center of the
lower wall with open boundary conditions in the horizontal
direction. Closed black and green circles indicate passersby
walking to the right and to the left, respectively. Open red
circles depict pedestrians attracted by the attraction. In bidi-
rectional flow, we can observe (a) the free flow phase in the
case of Q = 4 P/s and s = 0.5, in which passersby can walk
towards their destinations without being interrupted by the
cluster of attracted pedestrians, and (b) the freezing phase
in the case of Q = 4 P/s and s = 1, where oppositely walk-
ing pedestrians stopped because they block each other. Note
that P/s stands for pedestrians per second, being the unit of
pedestrian flux Q.
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FIG. 2. (Color online) Local efficiency for a given time t and
location x, E(x, t), for different pedestrian flow patterns in
bidirectional flow. The attraction is located at x = 30 m, at
the center of the corridor. Light yellow and dark red colors
indicate lower and higher values, respectively. (a) Free flow
phase with Q = 4 P/s and s = 0.5, and (b) Freezing phase
with Q = 4 P/s and s = 1. Note that the spatio-temporal
representation of local efficiency is dark red for (a) t < 800 s
and t > 1200 s and (b) t < 300 s.
Here N(x, t) is the set of passersby in a 1 m long seg-
ment x at time t. The individual efficiency of motion
Ei = (~vi · ~ei,0)/v0 can be understood as a normalized
speed of pedestrian i in the horizontal direction. The lo-
cal efficiency E(x, t) indicates how fast passersby in seg-
ment x progress towards their destination at time t. If
|N(x, t)| = 0, we set to E(x, t) = 1 inferring that the
passersby can walk with their comfortable speed v0 if
they are in the segment x at time t. Thus, E(x, t) = 1
indicates that the passersby can freely walk without re-
ducing their speed, while E(x, t) = 0 implies that the
passersby have reached a standstill.
Figure 2 shows the corresponding spatio-temporal rep-
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FIG. 3. (Color online) (a) Freezing probability Pf as a func-
tion of influx Q and social influence parameter s in bidirec-
tional flow. Different symbols represent different values of Q.
(b) Stationary state average of local efficiency near the at-
traction Ea against s in bidirectional flow with Q = 4 P/s.
Each point depicts a value of Ea obtained from one simula-
tion run. Here, free, freezing, and co indicate free flow phase,
freezing phase, and coexisting phase, respectively. In coexist-
ing phase, one can observe freezing phenomena with a certain
probability Pf . (c) Phase diagram summarizing the numerical
results of bidirectional flow. The parameter space of pedes-
trian influx Q and social influence parameter s is divided into
different phases by means of Pf for bidirectional flow.
resentation of different pedestrian flow patterns. As
shown in Fig. 2(a), in the free flow phase, the local
efficiency E(x, t) is almost 1 over the stationary state
period, meaning that all the passersby walk with their
comfort speed. In the freezing phase, the local efficiency
E(x, t) suddenly becomes zero near the attraction around
at t = 450 s, and then the low efficiency area expands to
the left and right boundaries of the corridor in the course
of time [see Fig. 2(b)].
Next, we identify the freezing phase by means of cu-
mulative throughput at x = 30 m, according to Ref. [57].
If the cumulative throughput does not change for 120 s,
it infers the appearance of the freezing phenomenon. We
obtain the freezing probability Pf by counting the occur-
rence of freezing phenomena over 50 independent simu-
lation runs for each parameter combination (Q, s). The
freezing probability Pf tends to increase as Q and s in-
crease, see Fig. 3(a). For small value of Q ≤ 1.4 P/s,
Pf is zero up to s = 2, indicating that the freezing phe-
nomenon is not observable. We classify parameter com-
binations of (Q, s) yielding Pf = 0 as the free flow phase
and Pf = 1 for the freezing phase. We call the parame-
ter space between the envelopes of Pf = 0 and Pf = 1 as
6the coexisting phase, noting that both phases can appear
depending on random seeds in the numerical simulations.
In order to further quantify different phases, we calcu-
late stationary state average of local efficiency, E(x), in
the vicinity of the attraction. Here, E(x) is given as
E(x) = 〈E(x, t)〉, (7)
where 〈·〉 represents the average obtained from a simu-
lation run after reaching the stationary state. We select
a section of 27 m ≤ x ≤ 33 m to evaluate the station-
ary state average value in the vicinity of the attraction,
and the minimum value of E(x) is denoted by Ea. Note
that Ea is selected in a way to reflect the largest possible
efficiency drop in the section. Figure 3(b) presents Ea
against s in the case of Q = 4 P/s. One can observe that
Ea is almost 1 for s < 0.6, depicting the free flow phase.
For 0.6 ≤ s ≤ 0.8, some data points of Ea are positive
while others are zero. That is, two distinct pedestrian
flow patterns can be observed for the same value of s
depending on random seeds. For s > 0.8, Ea is always
zero, corresponding to the freezing phase.
Figure 3(c) summarizes numerical results of phase
characterizations. The parameter space of pedestrian in-
flux Q and social influence parameter s is divided into
different phases by means of Pf . In the coexisting phase,
one can observe freezing phenomena with a certain prob-
ability Pf .
B. Jam patterns in unidirectional flow
In unidirectional flow, we can also define the free flow
phase if Q and s are small [see Fig. 4(a)]. The local-
ized jam phase appears in the vicinity of the attraction
for medium and high Q with the intermediate range of
s, as can be seen from Fig. 4(b). Passersby walk slow
near the attraction because of reduced walking area, and
then they recover their speed after walking away from
the attraction. One can observe that pedestrians walk-
ing away from the attraction tend to form lanes. This is
possible because the standard deviation of speed among
the walking away pedestrians is not significant after the
pedestrians recover their speed. According to the study
of Moussa¨ıd et al. [58], the formation of pedestrian lanes
is stable when pedestrians are walking at nearly the same
speed. Once the walking away pedestrians form lanes,
the lanes are not likely to collapse. An extended jam
phase can be observed when both Q and s are large, in
which the pedestrian queue is growing towards the left
boundary and then the queue is persisting for a long pe-
riod of time [see Fig. 4(c)]. In the extended jam phase,
the attendee cluster does not maintain its semi-circular
shape any more in that passersby seize up the attracted
pedestrians. Meanwhile, pedestrians in the queue still
can slowly walk towards the right side of the corridor as
they initially intended. When Q and s are very large, the
extended jam phase can end up in freezing phenomena
 15  20  25  30  35  40  45
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 15  20  25  30  35  40  45
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(c)
FIG. 4. (Color online) Same as Fig. 1, but for unidirectional
flow. Passersby are walking from the left to the right. We
can observe (a) free flow phase in case of Q = 5 P/s and
s = 0.5, which is similar to the case of bidirectional flow, (b)
localized jam phase in case of Q = 5 P/s and s = 1, in which
passersby walk slow near the attraction before they pass the
area, and (c) extended jam phase in case of Q = 5 P/s and
s = 1.8, in which the passersby queue is growing towards the
left boundary. Sometimes the extended jam phase ends up in
freezing phenomena if Q and s are very large.
with a certain probability, indicating that passersby can-
not proceed beyond the attraction due to the clogging
effect. Some passersby are pushed out towards the at-
traction by the attracted pedestrians and inevitably they
prevent attracted pedestrians from joining the attraction.
Consequently, the attracted pedestrians cannot approach
the boundary of the attendee cluster although they keep
their walking direction towards the attraction. Simul-
taneously, the passersby near the attraction attempt to
walk away from the attraction, but they cannot because
they are blocked by the attracted pedestrians. Eventu-
ally, the pedestrian movements near the attraction come
to a halt.
In order to reflect speed variation among passersby for
a given time t and segment x, we introduce the local
standard deviation σ(x, t), which is given as
σ(x, t) =
√√√√ 1|N(x, t)| ∑
i∈N(x,t)
[Ei − E(x, t)]2. (8)
If σ(x, t) is 0, the speed of passersby is homogeneous
in segment x for a given time t. On the other hand,
large σ(x, t) indicates significant speed difference among
passersby, and possibly suggests the existence of stop-
and-go motions in passerby flow with low local effi-
ciency [31, 59, 60].
As can be seen from Fig. 5(a), in the localized jam
phase, one can observe a low-efficiency area in the vicinity
of the attraction. In the low-efficiency area, passersby are
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FIG. 5. (Color online) Plots of E(x, t) (left column) and
σ(x, t) (right column) for different pedestrian jam patterns for
unidirectional flow. (a) Localized jam phase in unidirectional
flow with Q = 5 P/s and s = 1, in which passersby are likely
to reduce their speed near the attraction and then speed up
when they walk away from the attraction. The local standard
deviation σ(x, t) is notable in the low efficiency area, reflect-
ing that some passersby walk with high speed while others
walk slowly. (b) Extended jam phase in unidirectional flow
with Q = 5 P/s and s = 1.8. The low efficiency area begins
to expand towards the left at near t = 500 s, and then the
local efficiency remains low for a long period of time over a
spatially extended area.
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FIG. 6. (Color online) Representative trajectories of
passersby in the extended jam phase (Q = 5 P/s and s = 1.8).
One can observe that the progress of the passersby is inter-
rupted several times, indicating stop-and-go motions near the
attraction.
likely to reduce their speed near the attraction and then
speed up when they walk away from the attraction. In
the extended jam phase, the low-efficiency area appears
near the attraction as in the localized jam [see Fig. 5(b)].
In contrast to the case of localized jam, the low efficiency
area begins to extend towards the left boundary and then
the local efficiency remains low for a long period of time
over a spatially extended area. In the low-efficiency area,
some passersby move while others are at near standstill,
and consequently stop-and-go motions can be observed
as reported in previous studies [31, 59, 60]. Figure 6
shows the presence of stop-and-go motions near the at-
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FIG. 7. (Color online) (a) Stationary state average of local ef-
ficiency near the attraction Ea against s in bidirectional flow
with Q = 5 P/s. Each point depicts a value obtained from
one simulation run. Here, free, loc, and ext indicate the free
flow phase, the localized jam phase, and the extended jam
phase, respectively. In the extended jam phase, one can ob-
serve freezing phenomena with a certain probability Pf . (b)
Same as (a), but for Eup, measured upstream of the attrac-
tion. (c) Freezing probability Pf as a function of influx Q and
social influence parameter s in unidirectional flow. (d) Phase
diagram summarizing the numerical results of unidirectional
flow. The parameter space of pedestrian influx Q and so-
cial influence parameter s is divided into different phases by
means of local efficiency measures.
traction. Therefore, the local standard deviation σ(x, t)
becomes notable in the low-efficiency area. Due to the
passersby flowing out from the low efficiency area, a high
local standard deviation σ(x, t) is observed near the at-
traction. Although the average speed of passersby is sig-
nificantly decreased in the left part of the corridor, the
local standard deviation σ(x, t) is not zero, indicating
that the speed variation among passersby is still observ-
able.
Based on observations presented in Figs. 4 and 5,
we characterize the localized jam and extended jam
phases in terms of E(x) as in Eq. (7). Similarly to
the bidirectional flow scenario, we select a section of
27 m ≤ x ≤ 33 m to calculate Ea. Likewise, a section
of 12 m ≤ x ≤ 18 m is selected for upstream of the at-
traction, and Eup denotes the minimum value of E(x) in
the section. Figures 7(a) and 7(b) provide plots of local
efficiency measures in the stationary state, Ea and Eup,
produced with Q = 5 P/s. For small values of s, free flow
phase can be characterized by
Ea ≈ 1 and Eup ≈ 1. (9)
8For 0.6 ≤ s ≤ 1.05, data points of Ea show a clear de-
creasing trend against s. As can be seen from Fig. 7(b),
data points of Eup are still near 1 up to s = 1.05. Thus,
the localized jam phase can be characterized by
0 < Ea < 1 and Eup ≈ 1. (10)
When s is larger than 1.05, some data points of Ea and
Eup become zero, indicating that freezing phenomena can
be observed. In contrast, positive Ea and Eup values
show a decreasing trend against s for a section of 1.05 ≤
s ≤ 2; then they become nearly constant if s is larger
than 2. Consequently, the extended jam phase can be
characterized by
0 ≤ Ea < 1 and 0 ≤ Eup < 1. (11)
In contrast to the bidirectional flow scenario, Pf is al-
ways smaller than 1 in unidirectional flow, indicating that
the freezing phase does not exist [see Fig. 7(c)]. However,
there exists parameter space producing Pf > 0, inferring
that freezing phenomena can be observed depending on
random seeds. Interestingly, in unidirectional flow, Pf is
increasing and then decreasing against s for large Q. It
can be understood that the proportion of passersby de-
creases considerably as s increases above a certain value,
so the attracted pedestrians are less likely blocked by the
passersby.
Figure 7(d) summarizes numerical results of phase
characterizations. We divide the parameter space of Q
and s into different phases by means of local efficiency
measures, Ea and Eup. Note that, in the extended jam
phase, one can observe freezing phenomena with a certain
probability Pf .
C. Microscopic understanding of jamming
transitions
In previous subsections, we have observed various jam
patterns. In bidirectional flow, the free flow phase can
turn into a freezing phase if Q and s are large. Jamming
transitions in unidirectional flow are different from those
of bidirectional flow: from free flow to localized jam, and
then to extended jam phases. In addition, it is possible
that the extended jam phase ends up in freezing phenom-
ena for large Q and s.
While previous sections focused on describing col-
lective patterns of various jam patterns, this section
presents the appearance of such different patterns at the
individual level in a unified way. This inspired us to take
a closer look at the conflicts among pedestrians. Similar
to previous studies [61, 62], we employ a conflict index
to measure the average number of conflicts per passerby.
When two pedestrians are in contact and hinder each
other, we call this situation a conflict. The number of
conflicts Nc,i(t) is evaluated by counting the number of
pedestrians who hinder the progress of passerby i at time
t. In our simulations, most conflicts appear near the
attraction; therefore, we calculate the conflict index for
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FIG. 8. (Color online) Representative time series of conflict
index nc(t). (a) In the beginning, the nc(t) curve of the freez-
ing phase in bidirectional flow with Q = 4 P/s and s = 1 is
virtually zero, indicating that the pedestrian flow is initially
free flow. However, the curve shows a sharp increase at near
t = 460 s, signaling the onset of freezing phenomenon. (b)
The nc(t) curve of the localized jam phase in unidirectional
flow with Q = 5 P/s and s = 1 exhibits an upward trend until
t = 1350 s, and then it shows a downward trend leading to
zero. (c) For the extended jam phase in unidirectional flow
with Q = 5 P/s and s = 1.8, one can see that the nc(t) curve
sharply increases at near t = 320 s, and thereafter it oscillates
around nc(t) = 0.25. (d) Same parameter combination (Q, s)
as (c), but with a different set of random seeds. The behav-
ior of the nc(t) curve is similar to that of the extended jam
phase until t = 600 s. However, the curve abruptly increases
at near t = 600 s, indicating the appearance of the freezing
phenomenon.
pedestrians in location x such that 25 m ≤ x ≤ 35 m.
The conflict index is measured as
nc(t) =
1
|Np|
∑
i∈Np
Nc,i(t), (12)
where Np is the set of passersby near the attraction.
The representative time series of conflict index nc(t)
are presented in Fig. 8. As can be seen from Fig. 8(a), a
sharp increase of the conflict index indicates the appear-
ance of the freezing phenomenon, which leads pedestrian
flow into the freezing phase. In Fig. 8(b), the conflict
index increases and then decreases in the course of time.
We can observe a localized jam phase in which the jam
near the attraction does not further grow upstream. Fig-
ures 8(c) and 8(d) are generated with the same param-
eter combination (Q, s) = (5, 1.8) in unidirectional flow
but with different sets of random seeds. As shown in
Fig. 8(c), in the extended jam phase, the conflict index
nc(t) is maintained near a certain level after reaching the
stationary state, indicating the persistent jam in the cor-
ridor. In Fig. 8(d), the behavior of the nc(t) curve is sim-
ilar to that of the extended jam phase in the beginning,
but the curve abruptly increases at near t = 600 s. That
is, the pedestrian flow eventually ends up in a freezing
phenomenon in that conflicting pedestrians fail to coor-
dinate their movements.
Apart from the conflict index nc(t), we have also ob-
9served that increasing s for a given value of Q likely in-
creases the size of the attendee cluster and consequently
reduces the available walking space near the attraction.
The narrower walking space tends to yield higher freez-
ing probability in that pedestrians tend to have less space
for resolving conflicts among them. Therefore, we suggest
that an attendee cluster can trigger jamming transitions
not only by reducing the available walking space but also
by increasing the number of conflicts among pedestrians
near the attraction. See Appendix D for further discus-
sion of this issue.
Furthermore, changing other simulation parameters
can affect the jamming transitions. For instance, increas-
ing td often results in a larger attendee cluster near the
attraction, activating jamming transitions for lower val-
ues of s. Larger corridor width W possibly reduces the
freezing probability for a given value of s by providing
additional space for resolving pedestrian conflicts. How-
ever, increasingW does not effectively reduce the freezing
probability when W is large enough in that an attendee
cluster can grows further as W grows. In Appendix E, we
show the influence of td and W on jamming transitions.
D. Fundamental diagram
In addition to the phase diagram presented in
Figs. 3(c) and 7(d), one can further describe the dynam-
ics of passerby flow by means of a fundamental diagram.
The fundamental diagram depicts the relationship be-
tween flow and density, which has been widely applied
to analyze traffic dynamics to represent various phenom-
ena including hysteresis [63] and capacity drop [64]. We
calculate pedestrian flow quantities including density ρ,
speed u, and flow J over two 6-m-long segments in length
for every 5 seconds. Note that pedestrian flow quan-
tities J , ρ, and u are calculated for passersby, not in-
cluding attracted pedestrians. The details are explained
in Appendix F. The first section of 27 m ≤ x ≤ 33 m
is selected for passerby traffic near the attraction and
12 m ≤ x ≤ 18 m for upstream traffic.
To explore the dynamics of passerby traffic, we plot
fundamental diagrams for different phases in bidirec-
tional flow near the attraction. As shown in Fig. 9(a), in
the free flow phase, a linear relationship between ρ and J
is observed. The corresponding local speed u stays near
comfortable walking speed v0 = 1.2 m/s. In Fig. 9(b), an
inverse-λ shape is observed, reflecting that capacity drop
occurs near ρ = 1.2 P/m2 and then the pedestrian traf-
fic turns into the freezing phase as depicted in Fig. 2(b).
The corresponding local speed u curve begins to sharply
decrease at near t = 460 s, relevant to the appearance of
the congestion branch. This is similar to the metastable
state induced by conflicts among pedestrians [65].
Likewise, we also plot fundamental diagrams and cor-
responding local speed curves for various jam patterns in
unidirectional flow. Figure 9(c) shows that in the local-
ized jam phase, (ρ, J) begins to scatter after the density
level reaches around ρ = 1.2 P/m2. The cluster of scat-
tered data points reflects that speed fluctuation begins to
appear, in agreement with Fig. 5(b). In contrast, the fun-
damental diagram upstream of the attraction only shows
a linear relationship between ρ and J , similar to arrow 1
in Fig. 9(c). That is, upstream traffic is not influenced
by the speed reduction near the attraction, thus speed
fluctuation is invisible.
In the extended jam phase, a µ shape is observed in the
fundamental diagram as depicted in Fig. 9(d). As indi-
cated by arrow 2, one can see a cluster of (ρ, J) slightly off
from the free flow branch, which corresponds to a mod-
erate speed drop from near t = 320 s to near t = 510 s.
Simultaneously, the maximum flow rate J is lower than
that in the free flow branch. This can be understood as
a transition period in which local speed u is gradually
decreasing. After the transition period, one can see data
points of (ρ, J) widely spread over in the fundamental
diagram while the local speed u slightly oscillates around
u = 0.5 m/s.
Figure 9(e) shows fundamental diagrams obtained
from the same parameter combination (Q, s) of Fig. 9(d)
but from a different set of random seeds. Similar to the
case of the extended jam phase, a free flow branch ap-
pears, and then one can observe scattered data points of
(ρ, J) indicating that the local speed u near the attrac-
tion gradually decreases. However, after showing such
scattered data points, congestion branches are observed
as indicated by the arrow in Fig. 9(e). Interestingly, the
behavior of congestion branches observed from Figs. 9(e)
and 9(b) is different. In Fig. 9(b), the flow J is decreas-
ing as density ρ increases, because there are no outflowing
passersby near the attraction while additional pedestri-
ans arrive behind the stopped passersby. On the other
hand, the congestion branch in Fig. 9(e) indicate that
the flow J is decreasing as density ρ decreases due to
passersby flowing out from the attraction.
IV. CONCLUSION
This study has numerically investigated jamming tran-
sitions in pedestrian flow interacting with an attraction.
Our simulation model is mainly based on the social force
model for pedestrian motions and joining probability re-
flecting the social influence from other pedestrians. For
different values of pedestrian influx Q and the social in-
fluence parameter s, we characterized various pedestrian
flow patterns for bidirectional and unidirectional flows.
In the bidirectional flow scenario, we observed a tran-
sition from the free flow phase to the freezing phase in
which oppositely walking pedestrians reach a complete
stop and block each other. However, a different tran-
sition behavior appeared in unidirectional flow scenario:
from the free flow phase to the localized jam phase, and
then to the extended jam phase. One can also see that the
extended jam phase end up in freezing phenomena with
a certain probability when pedestrian flux is high with
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FIG. 9. (Color online) Fundamental diagram of passerby traffic near the attraction. For each panel, the upper part shows the
fundamental diagram and the lower part shows the corresponding local speed u. Note that pedestrian flow quantities J , ρ, and
u are calculated for passersby, not including attracted pedestrians. Arrows are guide for the eyes, indicating the evolution of
fundamental diagram in the course of time. (a) Free flow phase in bidirectional flow with Q = 4 P/s and s = 0.5. (b) Freezing
phase in bidirectional flow with Q = 4 P/s and s = 1. (c) Localized jam phase in unidirectional flow with Q = 5 P/s and
s = 1. (d) Extended jam phase in unidirectional flow with Q = 5 P/s and s = 1.8. (e) Generated from the same parameter
combination (Q, s) of as (d), but from a different set of random seeds. The passerby flow turns from an extended jam into the
freezing phenomenon.
strong social influence. It is noted that these results are
qualitatively the same for values of simulation time step
smaller than 0.05 s, seemingly due to the introduction of
an attainable walking speed in Eq. (2).
The findings of this study can be interpreted in line
with the freezing-by-heating phenomenon observed in
particle systems [24]. Helbing et al. [24] demonstrated
that increasing noise intensity in particle motions leads
to the freezing phenomenon, in which particles tend to
block each other in a straight corridor. We observed the
same phenomenon from pedestrians flow interacting with
an attraction. However, it should be noted that Ref. [24]
did not state possible sources of the noise, since that
study presented the noise as an abstract concept. Our
study suggests that existence of an attraction in pedes-
trian flow can be a source of such noise.
Our study highlights that attractive interactions be-
tween pedestrians and an attraction can lead to jamming
transitions. From the results of numerical simulations,
we observed that an attendee cluster can trigger jam-
ming transitions not only by reducing the available walk-
ing space but also by increasing the number of conflicts
among pedestrians near the attraction. The conflicts
arose mainly because attracted pedestrians interfered
with passersby who were not interested in the attraction.
If the average number of conflicts per passerby is main-
tained under a certain level, the appearance of freezing
phenomena can be prevented. However, when the pedes-
trian flux is high with strong social influence, the conflict-
ing pedestrians may not be able to have enough time to
resolve the conflicts. Therefore, we note that moderating
pedestrian flux is important in order to avoid excessive
pedestrian jams in pedestrian facilities when the social
influence is strong.
In order to focus on essential features of jamming tran-
sitions, this study has considered simple scenarios of
pedestrian flow in a straight corridor. Further studies
need to be carried out in order to improve the presented
models. To mimic pedestrian stopping behavior, pedes-
trians are represented as non elastic solid disks, indicat-
ing that compression among pedestrians is not modeled.
The interpersonal friction effect [66, 67] needs to be in-
cluded in the equation of motion for crowd pressure pre-
dictions. The joining behavior model in Eq. (5) can be
further improved and extended by adding additional be-
havioral features. For instance, explicit representation
of group behavior [52] and an interest function [68] can
be added to the joining behavior model. A natural pro-
gression of this work is to analyze the numerical sim-
ulation results from the perspective of capacity estima-
tion. Capacity estimation can be performed to calculate
the optimal capacity, balancing the mobility needs for
passersby and the activity needs for attracted pedestri-
ans. The concept of stochastic capacity [69–71] can also
be studied as an extension of this study. In this study, for
some parameter values, speed breakdown is observed de-
pending on random seeds, inferring that capacity might
follow a probability distribution. Future studies can be
planned from the perspective of pedestrian flow experi-
ments. Although the joining behavior presented in this
study might not be controlled in experimental studies,
the experiments can be performed for different levels of
pedestrian flux and joining probability. For various ex-
periment configurations, the number of conflicts among
pedestrians can be measured and the influence of the
conflicts on pedestrian jams can be analyzed.
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Appendix A: Streamline approach for passerby
steering behavior
For passerby traffic moving near an attraction, an
attendee cluster can act like an obstacle. We assume
that passersby set their initial desired walking direction
~ei,0 along the streamlines. As reported in a previous
study [29], the shape of an attendee cluster near an at-
traction can be approximated as a semicircle. By doing
so, we can set the streamline function ψ for passerby
traffic similar to the case of fluid flow around a circular
cylinder in a two dimensional space [47, 48]:
ψ = v0dzA sin(θz)
(
1− rc
dzA
)
, (A1)
where v0 is the comfortable walking speed and dzA is
the distance between the center of the semicircle A and
location z = (x, y). The angle θz is measured between
y = 0 m and ~dzA. The attendee cluster size at time t
is denoted by rc = rc(t). To measure rc, we slice the
walking area near the attraction into thin layers with the
width of a pedestrian size (i.e., 2ri = 0.4 m) in the hori-
zontal direction. From the bottom layer to the top one,
we count the number of layers consecutively occupied by
attendees. The attendee cluster size rc can then be ob-
tained by multiplying the number of consecutive layers
by the layer width 0.4 m. The initial desired walking
direction ~ei,0 can be obtained as
~ei,0 =
(
∂ψ
∂y
,−∂ψ
∂x
)
. (A2)
Note that passersby pursue their initial destination, thus
their desired walking direction ~ei is identical to ~ei,0 given
in Eq. (A2), i.e, ~ei = ~ei,0.
Appendix B: Time-to-collision Tc
In line with Refs. [72, 73], we assume that pedestrian i
predicts time-to-collision Tc with pedestrian j by extend-
ing current velocities of pedestrians i and j, vi and vj ,
from their current positions, xi and xj :
Tc =
β −
√
β2 − αγ
α
, (B1)
where α = ‖~vi − ~vj‖2, β = (~xi − ~xj) · (~vi − ~vj), and
γ = ‖~xi − ~xj‖2 − (ri + rj)2. Note that Tc is valid for
Tc > 0, meaning that pedestrians i and j are in a course
of collision, whereas Tc < 0 implies the opposite case. If
Tc = 0, the disks of pedestrians i and j are in contact.
Appendix C: Numerical integration of Eq. (1)
Based on the first-order Euler method, the numerical
integration of Eq. (1) is discretized as
~vi(t+ ∆t) = ~vi(t) + ~ai(t)∆t,
~xi(t+ ∆t) = ~xi(t) + ~vi(t+ ∆t)∆t.
(C1)
Here, ~ai(t) is the acceleration of pedestrian i at time t
and the velocity of pedestrian i at time t is given as ~vi(t).
The position of pedestrian i at time t is denoted by ~xi(t).
Appendix D: Discussion of jamming mechanisms
In Sec. III C, we discussed the dynamics of jam-
ming transitions mainly based on the conflict index [see
Eq. (12)]. This appendix provides further details of jam-
ming mechanisms.
In both bidirectional and unidirectional flows, at-
tracted pedestrians often trigger conflicts among pedes-
trians. When the attracted pedestrians are walking to-
wards the attraction, sometimes they cross the paths of
passersby and hinder their walking. Furthermore, such
crossing behavior of attracted pedestrians makes others
change their walking directions due to the interpersonal
repulsion, possibly giving rise to conflicts among the oth-
ers. Once a couple of pedestrians hinder each other, they
need some time and space to resolve the conflict by ad-
justing their walking directions. If there is not enough
space for the movement, the conflict situation cannot be
resolved and turns into a blockage in pedestrian flow.
Higher pedestrian flux Q can be interpreted as the con-
flicting pedestrians likely have less time for resolving the
conflict, in that additional pedestrians arrive behind the
blockage. Once the arriving pedestrians stand behind the
blockage, the number of conflicts among pedestrians is
rapidly increasing as indicated in Figs. 8(a) and 8(d). In
the case of bidirectional flow, this freezing phenomenon is
similar to the freezing-by-heating phenomenon [24]. We
note, however, that the freezing phenomenon in our sim-
ulations is caused by attracted pedestrians without noise
terms in the equation of motion.
The onset of freezing phenomena in bidirectional flow
can be further understood by looking at streamwise ve-
locity profiles. Figure 10 visualizes streamwise velocity
profiles of passerby traffic in the corridor at x = 30 m
where the attraction is placed. In the beginning (i.e.,
t = 120 s), one can observe that the velocity vectors of
two passerby streams show distinct spatial separation,
indicating that passerby lane formation appears to be
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FIG. 10. (Color online) Streamwise velocity profiles of
passerby traffic in the corridor at x = 30 m with Q = 4 P/s
and s = 1 in bidirectional flow. Based on Eq. (F3), the
velocity vectors are presented for eastbound and westbound
passerby traffic in the right and left parts of each panel, re-
spectively. In the course time, the velocity profile curves are
gradually shifting upward while their magnitude decreases.
well maintained. We notice that the velocity magnitude
near the bottom of the corridor is virtually zero when
the attendee cluster becomes active. In the course of
time, the velocity distribution curves shrink while the
curves are gradually shifting upward. This implies that
two passerby streams moving in opposite directions con-
front each other, leading to a freezing phenomenon.
Furthermore, the attendee cluster also contributes to
jamming transitions by reducing the available space in
the corridor. To understand the influence of attendee
cluster size on jamming transitions, we perform numer-
ical simulations with a static bottleneck instead of an
attraction, in which all the pedestrians are passersby.
In doing so, we can exclude the interactions among
passersby and attendees, thereby focusing on the influ-
ence of reduced available space. For the comparison, we
use a stationary state average of cluster size 〈rc〉 because
the attendee cluster size changes in the course of time but
the size of the static bottleneck is constant. In the case
of a static bottleneck, we also use the notation of 〈rc〉
for convenience. A semicircle with radius 〈rc〉 is placed
at the center of the lower corridor boundary, acting as
a static bottleneck. By changing 〈rc〉, we observe the
behavior of various measures including Pf , Ea, and Eup
[see Fig. 11].
It is obvious that larger 〈rc〉 leads to higher freez-
ing probability Pf for bidirectional flow, as shown in
Fig. 11(a). However, Pf of the attendee cluster case is
higher than that of a static bottleneck for a given value
of 〈rc〉. While the Ea and Eup curves obtained from the
static bottleneck case show a clear dependence on 〈rc〉,
those from attendee cluster do not show clear tendency
when 〈rc〉 > 1.5 m [see Figs. 11(b) and 11(c)]. Although
increasing 〈rc〉 evidently leads to a localized jam transi-
 0
 0.2
 0.4
 0.6
 0.8
 1
 0  0.3  0.6  0.9  1.2  1.5
(a)
P f
<rc> (m)
 0
 0.2
 0.4
 0.6
 0.8
 1
 0  0.5  1  1.5  2  2.5  3
(b)
E a
<rc> (m)
 0
 0.2
 0.4
 0.6
 0.8
 1
 0  0.5  1  1.5  2  2.5  3
(c)
E u
p
<rc> (m)
static
attendees
FIG. 11. (Color online) Dependence of various measures on
the stationary state average of cluster size 〈rc〉 for pedestrian
influx Q = 5 P/s. The results of the static bottleneck and
attendee cluster are denoted by ◦ and ×, respectively. Ar-
rows indicate the direction of increasing s, for the results of
the attendee cluster. (a) Freezing probability Pf for bidirec-
tional flow indicating the appearance of the freezing phase (b)
Local efficiency near the attraction Ea for unidirectional flow
reflecting the onset of localized jam phase, and (c) local effi-
ciency upstream Eup for unidirectional flow, which is relevant
to the extended jam phase.
tion, it can be suggested that conflicts among pedestrians
play an important role in jamming transitions if 〈rc〉 is
large enough.
Appendix E: Sensitivity analysis
Since the presented results are sensitive to the numer-
ical simulation setup, so we briefly discuss the influence
of different simulation parameters especially for the av-
erage length of stay td and the corridor width W . As
can be seen from Figs. 12(a), 12(c), and 12(e) the freez-
ing probably reaches Pf = 1 quicker, and local efficiency
measures Ea and Eup tend to decrease faster as td grows.
One can infer that larger td likely leads to having more
attendees near attractions, resulting in higher freezing
probably and smaller local efficiency measures. There-
fore, it can be suggested that increasing td activates jam-
ming transitions for lower values of s.
In Figs. 12(b), 12(d), and 12(f), increasing W appar-
ently changes the behavior of Pf in bidirectional flow in
that conflicting pedestrians seem to have enough space
for resolving the conflicts. Although increasing the corri-
dor width from W = 4 m to W = 6 m produces notable
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FIG. 12. (Color online) Dependence of various measures on
social influence parameter s for td (left column) and W (right
column) with pedestrian influx Q = 5 P/s. From top to
bottom, (a) and (b) Freezing probability Pf for bidirectional
flow, (c) and (d) local efficiency near the attraction Ea for
unidirectional flow, and (e) and (f) local efficiency upstream
Eup for unidirectional flow. Note that td = 30 s and W = 4 m
are the simulation parameter values that we are mainly using
in this study.
differences in the Ea and Eup curves, increasing W fur-
ther does not seem to yield any significant changes. It is
reasonable to suppose that the impact of increasing W
becomes less notable for large W , in that increased W
allows conflicting pedestrians to have more space for re-
solving the conflicts but also the attendee cluster to grow
larger.
Appendix F: Pedestrian flow quantities
We evaluated pedestrian flow quantities such as local
density, local speed, and local flow. Following the idea
of the particle-in-cell method [74–77], we convert the dis-
crete number of pedestrians into continuous density field
values by using a bilinear weight function wiz for each
 
∆𝑦 
∆𝑥 A B 
C D 
FIG. 13. (Color online) Schematic representation of the grid
structure. Points A, B, C, and D indicate the neighboring
grid points of pedestrian i. The location of pedestrian i is
denoted by ×. The relative coordinates of pedestrian i with
respect to point A in the horizontal and vertical directions
are indicated by ∆x and ∆y, respectively.
neighboring grid point z ∈ {A,B,C,D},
wiA = (l −∆x)(l −∆y)/l2,
wiB = ∆x(l −∆y)/l2,
wiC = ∆x∆y/l
2,
wiD = (l −∆x)∆y/l2,
(F1)
where ∆x and ∆y indicate the relative coordinates from
the left bottom cell center A to the location of pedestrian
i (see Fig. 13). Although the use of a Gaussian function is
a well-established approach in quantifying the local flow
characteristics [28, 66, 72], it tends to overestimate the
local quantities. This is because it takes into account dis-
tant pedestrians. Notice that
∑
wiz = 1 indicating that
the weight function wiz reflects the density contribution
from pedestrian i. We choose grid spacing l = 2ri on the
order of pedestrian size. With the weight function wiz,
the local density ρ(~z, t) is defined as
ρ(~z, t) =
∑
i
wiz
l2
. (F2)
Likewise, the local speed u(~z, t) is given as
u(~z, t) =
∑
i ‖~vi‖wiz∑
i wiz
. (F3)
We can calculate the local pedestrian flow J(~z, t) as a
product of local density and local speed,
J(~z, t) = ρ(~z, t)u(~z, t). (F4)
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